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Preface

FIMH 2017 was the 9th International Conference on Functional Imaging and Mod-
elling of the Heart. It was held in Toronto, Canada, during June 11–13, 2017. This
year’s edition of FIMH followed the past eight editions held in Helsinki (2001), Lyon
(2003) Barcelona (2005), Salt Lake City (2007), Nice (2009), New York (2011),
London (2013), and Maastricht (2015). FIMH 2017 provided a unique forum for the
discussion of the latest developments in the areas of functional cardiac imaging as well
as computational modelling of the heart. The topics of the conference included (but
were not limited to): advanced cardiac imaging and image processing techniques,
myocardial tissue characterization and perfusion, robotics and image-guided therapy
procedures, computational fluid dynamics, forward and inverse problems in
electro-physiology, modelling of cardiac function across different patient populations,
statistical atlases, computational physiology and biomechanics of the heart, parame-
terization of mathematical models from data, integrated functional and structural
analyses, as well as the preclinical and clinical applicability of these methods.

FIMH 2017 drew many submissions from around the world. From the initial 63
registered papers, 49 contributions were accepted. Finally, 48 selected papers were
invited to be published by Springer in this Lecture Notes in Computer Science pro-
ceedings volume. All submitted papers were peer-reviewed by two or three Program
Committee members who are international experts in the field. The review process was
double-blinded and all papers underwent a rebuttal phase, during which the authors
addressed specific concerns and issues raised by reviewers and improved the scientific
content and the quality of the manuscripts.

The conference was greatly enhanced by invited keynote lectures given by four
world experts in various fields related to: parameterization of patient-specific cardiac
biophysical models, novel magnetic resonance (MR) and computed tomography
(CT) techniques for myocardial tissue characterization, advanced MR imaging and
image reconstruction, as well as artificial agents and personalized medicine. We are
extremely grateful to Dr. Maxime Sermesant (Inria, Sophia Antiplois, Asclepios pro-
ject, France), Dr. Maria Drangova (Robarts Institute, London Ontario, Canada), Dr.
Dorin Comaniciu (Siemens, Princeton, USA), and Dr. Debiao Li (Cedar-Sinai, UCLA,
Los Angeles, USA) for their exceptional lectures.

We hope that all these papers, along with the keynote contributions and fruitful
discussion during the conference, will act to accelerate progress in the important areas
of functional imaging and modelling of the heart.

June 2017 Mihaela Pop
Graham A. Wright
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Abstract. The mechanical properties of myocardial tissue are primar-
ily determined by the organisation of the collagen network. Quantita-
tive measurements of collagen morphology can help to understand the
structure-function relationship in cardiac tissue. In this study, we seg-
mented collagen from high-resolution three-dimensional (3D) images of
the left ventricle (LV) mid-wall myocardium obtained using extended-
volume confocal microscopy. 3D shape analysis was used to compute the
morphological parameters elongation (e), flatness (f), and anisotropy (a).
We applied this analysis to both control and hypertensive rat hearts and
showed distinct differences between the control and remodelled hearts,
particularly in collagen elongation. The predominant form of collagen in
the control rat is elongated with a value of e = 0.846 ± 0.041, whereas in
the hypertensive rat collagen, is arranged mostly in a sheet-like form with
e = 0.301 ± 0.023. Such quantitative information can be used to develop
microstructural models of the myocardium that link the observed changes
in cardiac microstructure to changes in mechanical function during the
progression of heart diseases, which will help to elucidate the underlying
pathological mechanisms.

Keywords: Collagen morphology · Seeded region-growing algorithm ·
Shape analysis · Moments of inertia · Confocal imaging

1 Introduction

The mechanical behaviour of the myocardium is mainly dependent on the organ-
isation of myocytes and the composition of the cardiac extracellular matrix
(ECM). Collagen is the predominant structural component of ECM and the
major stress-bearing component of passive myocardium [1]. Consequently, any
change in the collagen architecture is often associated with a pathological func-
tion such as is observed in hypertensive hearts [2]. Therefore, it is important to
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 3–12, 2017.
DOI: 10.1007/978-3-319-59448-4 1
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have quantitative information on collagen morphology in order to develop a bet-
ter understanding of the relationship between the microstructure and mechanical
function of the myocardium.

The role of the collagen structure in myocardial function has been investi-
gated by many research groups [3,4] using animal models, such as the sponta-
neously hypertensive rat (SHR) [5,6]. The SHR is a well-established model of
genetic hypertension that develops with aging, and leads to myocardial changes
that reflect those seen in hypertensive human hearts. In studies using high-
resolution extended volume confocal microscopy, it has been shown that aged
SHRs have significant changes in myocardial architecture when compared to
age-matched control Wistar-Kyoto (WKY) rats [6]. These structural changes
include myocyte hypertrophy, an increase in the amount of collagen, and a loss
of myocardial laminar organisation because of the scarring together of collagen
strands, which line the cleavage planes between laminae. These alterations in
the myocardial structure are believed to lead to impaired myocardial mechani-
cal function and, hence, reduced cardiac performance.

In this study, we have developed a novel method to quantify collagen mor-
phology in the tissue blocks of the mid-wall of the left ventricle (LV) myocardium
taken from a 12-month-old WKY rat and an age-matched SHR. Preliminary
results on differences in structural and morphological parameters between WKY
and SHR are presented and discussed.

2 Methods

In order to quantify collagen morphology, collagen was segmented from images
of the rat LV free wall, and morphological parameters describing elongation,
flatness, and anisotropy were computed at 50,000 randomly selected collagen
locations within each image volume.

2.1 3D Tissue Images

Blocks of LV wall from a 12-month-old WKY rat and an age-matched SHR were
labelled with picrosirius red to highlight collagen, embedded in resin, mounted
on a high-precision three-axis stage and imaged using laser scanning confocal
microscopy. The imaging protocol and technique have been described in detail
elsewhere [7]. Although this imaging technique is time-consuming and generates
large datasets, it provides precise information at high spatial resolution about
the 3D organisation of the myocytes and collagen network [8]. Representative
3D image volumes of the WKY rat and SHR used in this study are shown in
Fig. 1. The 3D tissue blocks were imaged at a resolution of 1 µm per voxel side
and with a total volume of (293 µm x 256 µm x 237 µm).

2.2 Collagen Segmentation

In order to segment the collagen network in the 3D volume images, we developed
an image processing framework, which includes four main steps:
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Fig. 1. 3D image volumes from (A) a 12-month-old WKY rat heart and (B) an
age-matched SHR heart (top), together with the corresponding collagen structures
(bottom). Collagen appears brighter, while myocytes have variable intensity.

(i) Adjustment of image intensity (using the MATLAB1 imadjust function).
The imadjust function improves the intensity distribution of the image by
mapping the input image’s intensity values to a new range such that 1% of
the data is saturated at low and high intensities of the input image.

(ii) Unsharp masking (using the MATLAB imsharpen function). This func-
tion sharpens edges on the elements without increasing noise. The parameters
used in this study were radius = 5, amount = 0.5 and threshold = 0.

(iii) Edge-preserving smoothing (customised code in MATLAB as described
by Weickert et al. in [9]). This step is very similar to a Gaussian filter as it

1 The MathWorks, Inc., Natick, Massachusetts, United States.
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smooths out the noise. Unlike the Gaussian filter, the diffusion in the neigh-
bouring edges is reduced. Thus, it smooths the image while preserving edge
information. The behaviour of this filter is controlled by two parameters: con-
trast, which determines how much the smoothing is reduced in the vicinity of
the edges, and kernel size. The parameters used in this study were contrast
= 3.5 and kernel size = 3.

(iv) Entropy thresholding (customised code in MATLAB following the
entropy principles as explained in details in [10]). Entropy thresholding
extracts a binary segmentation of the collagen.

The combination of these steps helps to preserve as much of the collagen
information that is contained in the original image as possible. An example
of automated collagen segmentation using the proposed framework is given in
Fig. 2.

Fig. 2. Collagen segmentation in the 3D confocal images. (A) image segmentation
steps. (B) cross section view of collagen segmentation boundaries overlaid on the
original image. (Color figure online)
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2.3 Region Extraction

Collagen morphology is described at a local level, therefore, we extracted a num-
ber of small sub-regions from the image block for quantification.

Distinct, random collagen locations were selected from the 3D segmented
image block, and a cube (region of interest) was extracted with collagen
voxel/point at the center of the cube (cubes were allowed to overlap). The
collagen locations were randomly selected using the randi function in MAT-
LAB, which creates uniformly distributed random locations within the 3D image
bounds, and retained for analysis if the selected location had been classified as
collagen. Finally, a 3D region-growing algorithm [11] was applied in each cube,
which starts with the central collagen seed point identified above and grows with
neighboring voxels of connected collagen.

The size of the region of interest was selected to be large enough to represent
the microstructural organisation of the collagen accurately, yet small enough to
only contain local information. In this study, the length of the cube was 25 µm.
The number of cubes to be analysed was determined by progressively increasing
the number of cubes until the results converged (i.e. no statistically significant
differences with the addition of more cubes). Here, convergence was reached at
50,000 cubes.

2.4 Shape Analysis

Many imaging studies have used moments of inertia for shape analysis [12] and
pattern recognition [13]. In a binary image, the first-order moments define the
center of mass

M1x =
∑

C

xi, M1y =
∑

C

yi, M1z =
∑

C

zi (1)

where (xi, yi, zi) is a point in the object C. Here, C is the segmented collagen
object in the region of interest. The second-order moments are defined as

M2xx =
∑

C

(xi − M1x)2,

M2yy =
∑

C

(yi − M1y)2,

M2zz =
∑

C

(zi − M1z)2,

M2xy =
∑

C

(xi − M1x)(yi − M1y),

M2yz =
∑

C

(yi − M1y)(zi − M1z),

M2xz =
∑

C

(xi − M1x)(zi − M1z)

(2)
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and the inertia matrix (covariance matrix) can be written as

M =

⎡

⎣
M2xx M2xy M2xz

M2xy M2yy M2yz

M2xz M2yz M2zz

⎤

⎦ (3)

The eigenvalues of M provide a good indicator of shape. For example, when
the three eigenvalues are similar, the shape tends to be spherical. The 3D mor-
phological parameters in the range of [0,1] were derived from the eigenvalues:
elongation (e), flatness (f ), and anisotropy (a)

e = 1 − λ2

λ1
, f = 1 − λ3

λ2
, a = 1 − λ3

λ1
(4)

where λ1 denotes the primary eigenvalue of M, λ2 denotes the secondary eigen-
value, and λ3 denotes the tertiary eigenvalue such that λ1 ≥ λ2 ≥ λ3 > 0.

The proposed framework for quantifying the 3D collagen morphology from
confocal images of healthy and diseased hearts is summarised in Fig. 3.

Fig. 3. A framework for quantification of collagen morphology in 3D.

3 Results and Discussion

The proposed framework for quantifying collagen morphology in 3D has been
applied to four sets of confocal images from each of a control (WKY) rat heart
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and a hypertensive rat (SHR) heart (see Fig. 1). The distributions of the three
morphological parameters for all eight tissue blocks are shown in Fig. 4 and are
similar within each animal group. There are distinct differences in the distrib-
utions of elongation between the WKY and SHR groups, whereas distributions
of flatness and anisotropy in both groups are similar.

Figure 5(A) shows the 3D distribution density of the morphological parame-
ters for WKY and SHR using heatmaps. The core locations and the patterns
of density distribution are substantially different between WKY and SHR. The
core centres which indicate the most common collagen form in WKY and SHR
are given in Table 1. To illustrate the structural differences between WKY and
SHR, four small cubes from the core of each heatmap for each case are shown in
Fig. 5 (B). This comparative analysis revealed that the dominant collagen shape
in WKY was elongated, whereas in SHR it had a sheet-like form. Such differences
in the structure may explain the higher stiffness observed in SHR functional stud-
ies [5,6]. From a mechanics perspective, the microstructural shape of composite
materials has a considerable effect on the physical properties [14]. It seems likely
that the increased stiffness observed in SHR hearts compared with those from
normal animals is a consequence of collagen remodelling into sheet-like shapes
in the SHR.

Table 1. Comparison of the mean and standard deviations (SDs) of the core centres
for WKY and SHR.

Elongation Flatness Anisotropy

Mean SD Mean SD Mean SD

WKY 0.846 0.041 0.771 0.053 0.967 0.002

SHR 0.301 0.023 0.833 0.016 0.883 0.001

There is a dearth of quantitative information available in the literature
regarding the 3D morphology of collagen in the heart. Nevertheless, microstruc-
tural studies [6,15] by LeGrice and colleagues have reported that the perimysial
collagen organisation in WKY rat hearts is a network of collagen fibres and bun-
dles, while the SHR, collagen forms dense sheets due to the fusion and thicken-
ing of perimysial collagen between adjacent myocardial layers. Our quantitative
results are consistent with these observations.

A limitation of this study is that the automatic image analysis techniques are
not able to distinguish between perimysial and endomysial collagen, and thus,
the contributions of each type of collagen to the results could not be determined.
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Fig. 4. 1D distributions of the (A) elongation, (B) flatness, (C) anisotropy parameters
among tissue blocks from WKY (blues) and SHR (reds) hearts. (Color figure online)
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Fig. 5. Heatmap visualisation of the distributions of morphological parameters in (A)
3D and (B) in the elongation-flatness plane for heart tissue blocks from WKY (left)
and SHR (right), with typical collagen shapes from the core of each heatmap

4 Conclusions

We have developed an automated method to quantify the 3D myocardial col-
lagen morphology from confocal images using three morphological parameters.
Using multiple confocal images from control and hypertensive hearts, we have
shown that the proposed framework can effectively quantify the collagen shape
in 3D, and can distinguish the structural remodelling of the collagen network
during development and disease. In particular, our quantitative analysis revealed
that the collagen structure in the diseased hearts was more sheet-like in com-
parison to the elongated collagen structure of the age-matched control hearts.
The microstructural parameters measured in this study will be used in future
computational models of the myocardium to link the observed changes in car-
diac microstructure to changes in ventricular function. Such models could help
to improve our understanding of the pathophysiological processes underpinning
heart diseases and pave the way towards more effective treatments that target
the underlying mechanisms.
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Abstract. The purpose of this work was to use noninvasive in vivo MRI to char‐
acterize the substrate (i.e., known as gray zone, GZ) of ventricular arrhythmia, a
major cause of sudden death. Our aim was to use a preclinical model of chronic
infarction to study the structural and molecular characteristics of infarcted areas.
For this, we related parametric T1 maps with the density of collagen and gap
junctions (Cx43 proteins) in patchy fibrosis in n = 6 swine with chronic infarction.
Specifically, in vivo T1 relaxation maps were calculated from 2D multi-contrast
late enhancement (MCLE) MR images obtained at 1 × 1 × 5 mm resolution.
Quantitative analysis and regression analysis demonstrated that the comparison
between GZ and scar extent in MCLE to the corresponding areas identified in
histology, yielded very good correlations in both cases (i.e., goodness of fit:
R2 = 0.89 for GZ, and 0.92 for dense scar, respectively). Furthermore, the gap
junction Cx43 density was significantly reduced (i.e., by > 50%) in the ischemic
GZ areas determined from MCLE. These novel results suggest that in vivo 2D
parametric T1 maps can be used to evaluate the biophysical properties of healing
myocardium post-infarction, and to distinguish between the infarct categories
(i.e., scar vs. GZ) with re-modelled structural and electrical characteristics.

Keywords: Myocardial infarct · Cardiac MRI · T1 maps · Gray zone · Fibrosis · Gap
junctions

1 Introduction

The arrhythmogenic substrate for potentially lethal heart rhythms in patients with prior
myocardial infarction is typically located in the peri-infarct, or so-called gray zone (GZ),
which is found between the normal tissue and dense scar (i.e., mature collagen that
replaced dead tissue during healing) [1]. GZ is comprised of a mixture of viable
myocytes and collagen fibers, and has altered electrical properties (i.e., this tissue
conducts the action potential wave slower than normal tissue) [2]. Currently, in the
electrophysiology (EP) lab, the chronic infarct areas are identified using invasive electro-
anatomical mapping. However, although the electrical signals help identify some of the

© Springer International Publishing AG 2017
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arrhythmogenic foci, the voltage maps are recorded only from the surface and do not
provide transmural information [3]. Thus, an important task for the clinicians is to
determine the location, extent and transmurality of infarction, and this is often done non-
invasively by employing contrast-based MRI methods [4]. The conventional late gado‐
linium LGE MR imaging method is based on the elevation of signal intensity (SI) values
within infarct regions, measured ~15 min after the contrast agent injection. The enhance‐
ment is due to different concentrations and kinetics of the Gd-based molecules in the
extracellular space within the infarct (scar/GZ), where they shorten the T1 relaxation
time [5]. As a result, the infarct appears brighter than the healthy myocardium, other
surrounding tissues and the blood.

To date, several studies fused LGE and EP maps, showing that critical sites of scar-
related arrhythmias are confined to areas of elevated signal intensity (SI) in LGE images
[6, 7]. However, they also suggested that discrepancies between GZ detected by LGE
and EP maps could be due to: far-field influences from normal tissue, manual delineation
of scar, and poor wall-catheter contact during EP mapping. In most of these LGE studies,
SI threshold was set at 2–3 SD (standard deviation) higher than the mean SI selected
from remote myocardium [8]. However, this algorithm is affected by noise, which is
inherent in the MR signal. The noise in the inversion recovery gradient echo (IR-GRE)
image plays a large role in determining the measured SI; thus, by changing the location
of the remote region, the SD and peak SI can vary significantly due to a repeated
sampling of the noise whose distribution has a large variance. This leads to different SI
cut-off values for defining the scar and GZ, resulting in a high variability of the GZ size
and less reproducible results. An alternative method involves our T1-mapping method
based on multi-contrast late enhancement MCLE, which employs a simultaneous nulling
of MR signal from healthy tissue and blood for better identification of sub-endocardial
lesions, has superior SNR compared to LGE and outperforms the SD and FWHM-based
segmentation algorithms [9].

To date, there is no quantitative study demonstrating the relation between in vivo
T1* parametric maps and quantitative histopathology. Thus, the purpose of this paper
was to better characterize the heterogeneous fibrosis (i.e., dense scar and GZ) using a
pre-clinical swine model of chronic infarction by employing an in vivo 2D MCLE
imaging method that uses steady-state free precession SSFP readouts, along with quan‐
titative histopathology (i.e., density of collagen in the fibrotic areas, and density of gap
junctions Cx43 responsible for electrical connections between myocardial cells). Such
investigation might provide a better characterization of structural and molecular char‐
acteristics of the collagenous scar and ischemic GZ (i.e., the arrhythmogenic substrate).

2 Materials and Methods

A simplified diagram of the proposed framework is shown in Fig. 1. Briefly, we first
acquired the in vivo MCLE data, followed by data post-processing (i.e., LV segmentation
and tissue clustering into: healthy area, scar and GZ). Lastly, using histopathological
and Cx43 fluorescence images we analyzed the density of collagen and gap junctions,
and then related these measures with the segmented T1* parametric maps.

14 M. Pop et al.



Fig. 1. Schematic diagram of the work-flow

2.1 Animal Model of Infarction and in Vivo MRI Study

All animal experiments included in this pre-clinical framework were approved by our
research institute. The myocardial infarction was generated in n = 6 swine using an
occlusion-reperfusion method as previously described in other studies [10]. The infarct
lesions were allowed to heal for 5–6 weeks.

The MR imaging studies were performed on a dedicated 1.5T research scanner (GE
SignaExcite) using a 5-inch surface coil. The MR scans had the following parameters:
TE = 1.9 ms, TR = 5.5 ms, NEX = 1, FOV = 26 cm, 256 × 256 acquisition matrix. The
spatial resolution was 1 × 1 × 5 mm. Late enhancement imaging was started 10–15 min
after the injection of 0.2 mmol/kg of Gd-DTPA. Several short-axis MCLE images were
acquired through the infarct volume, with the inversion pulse placed such that the infarct-
enhanced images were acquired with minimal motion during diastole, for which TI
(inversion time) ranged from 175 to 250 ms.

The MCLE used SSFP readouts during the inversion recovery IR process, producing
20 images over the cardiac cycle. Notably, the MCLE images at early inversion times
have varying contrast where the infarct can be visualized as an area of fast T∗

1 recovery.
Moreover, the observed T∗

1 is usually shorter than the intrinsic T1 relaxation time due to
the nature of the b-SSFP measurement (readout), with the magnetization recovering to
a steady-state (SS) value. Figures 2a–f show six (out of 20) MCLE images corresponding
to one 2D short-axis MR slice in one of the animals studied. Approximately 6–8 images
per heart cycle (in diastole) were selected and then used to extract the SI recovery curve
for each pixel within the LV (including the blood pool pixels), given that SI obeys the
Eq. (1):

SI (time) = SS ⋅ [1 − 2exp(−time∕T∗

1)] (1)

Specifically, T∗

1 depends on the longitudinal relaxation T1, the transverse relaxation
T2 and the flip angle α (i.e. the angle to which the net magnetization is tipped relative
to the direction of main magnetic field after the application of an RF excitation pulse at
Larmor frequency), as per the following equation [11]:

T
∗
1 =

(
1
T1

cos2 𝛼

2
+

1
T2

sin2 𝛼

2

)−1

(2)
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The plot in Fig. 2g shows an example of the SI recovery based on Eq. (1), obtained
in three different pixels from the infarct, blood and healthy myocardium, respectively
(using a three-parameter fitting and a smooth function in Matlab).

2.2 Data Processing: Tissue Segmentation and Parametric T1*-SS Maps

For the 2D MCLE images, a corresponding spatial map of various tissue types in LV
was generated using an in-house developed fuzzy clustering analysis (in Matlab). This
algorithm determined the probability of each pixel belonging to each of the 3 clusters,
based on a distance metric derived from the scatter plot of T∗

1 versus steady-state (SS).
A scatter plot of T∗

1 versus SS value for each pixel was then used as input to a fuzzy C-
means algorithm, and automatically classified each pixel as: either infarct, or healthy
myocardium, or blood.

The FCM algorithm was based on the Gustav-Kessel (GK) clustering method, a
robust tool used in system identification and in particular in some classification problems
where it is desired to implement a local adjustment of the distance metric to the geomet‐
rical shape of the cluster(s). The main characteristic of the GK scheme is the estimation
of the cluster covariance matrix and the distance-induce matrix. This was done here by
optimizing an objective FCM-type of function using the Fuzzy-logic Matlab toolbox.
For tissue segmentation we deter-mined the probability of each pixel belonging to a
cluster using the distance metric derived from the input SS-T1* scatter plot. The pixels
with probabilities > 75% of belonging to infarct or healthy tissue were classified as
dense scar and healthy myocardium, respectively. Furthermore, the pixels classified as
GZ (the mixture of dead and viable myocytes) had a significant probability for belonging
to both the healthy and infarct clusters (less than a 75% probability of belonging to one
of those clusters and greater than 25% probability for belonging to the other cluster).

Fig. 2. Example of MCLE imaging in a pig with an LAD-infarct: (a–f) six consecutive short-
axis MCLE images (the infarct is visualized as a hyper-enhanced region as indicated by arrow);
(g) SI recovery plotted from three pixels (different tissue types).
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2.3 Quantitative Histopathology Analysis

For histology, a total of N = 10 tissue slices (5-mm) were cut from each heart (1–2 slices/
heart), matching short-axis MCLE images. The samples were fixed in 10% formalin and
embedded in paraffin for a few days, avoiding excessive shrinking.

First, thin slices (4–5 μm) underwent whole-mount staining on large glass slides,
using collagen-sensitive stain Picrosirius Red, PR. The slides were scanned with a
TISSUEscopeTM 4000 confocal system (Huron Technologies International Inc.), saved
as multi-resolution digital images and analyzed with the Aperio Image Scope software
(Vista, CA). The GZ and scar areas were manually delineated by pathology expert
(Fig. 3) based on score for fibrosis severity as in [12]. We defined three grades of fibrosis
for our tissue types: F0 (< 20% fibrosis, no or mild) for healthy/normal myocardium (in
remote areas); F1 (20–70% fibrosis, moderate) for GZ; and, F2 (≥ 70% fibrosis,
severe) for scar.

Fig. 3. Histopathology in an infarcted pig heart. Example of manual tissue segmentation (healthy
zone, GZ and dense scar) based on grading fibrosis using collagen-sensitive P.R. stain (note:
collagen stains red and the healthy myocytes stain yellow). (Color figure online)

Note that for the correlation between the scar and GZ areas (relative to LV area) and
the corresponding areas obtained from the SS-T1* maps, we manually registered the
histological and MR images via anatomical markers (e.g. RV/LV insertion points,
papillary muscle, etc.), which were clearly visible in both type of images. Second, select
samples were also prepared for fluorescence microscopic imaging of Cx43 as in [13],
and scanned with a Hamamatsu scanner. The density of Cx43 was quantified using the
Visiopharm software (www.visiopharm.com). ROIs were selected from zones defined
as: healthy tissue, GZ and scar in the SS-T1* maps and collagen-based stains. We
investigated the changes in cell-to-cell coupling (in the longitudinal direction of
myocytes) and side-to-side coupling (in the transverse direction of myocytes). The soft‐
ware calculates the area stained for Cx43 in microscopy fluorescence images in a ROI
(where myocytes stain in green and the gap junctions stain in red) relative to the area of
that selected ROI. Here we used ROIs of 2 × 2 mm.
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3 Results

Figure 4 shows a representative result from the analysis of MCLE images in one pig.
SS image and T1* map are shown in Fig. 4a. Figure 4b shows a scatter plot of T1* vs.
SS values for all pixels within the LV. The resulted 2D spatial map of various tissue
types classified using the fuzzy clustering algorithm is shown in Fig. 4c: dense scar
(green), BZ (yellow), healthy tissue (blue), and blood (red).

Fig. 4. Representative results obtained in a swine heart with an LAD-infarct: (a) SS image (up)
and T∗

1 map (bottom); (b) fuzzy clustering scatter plot of T∗

1 vs. SS values for all pixels within the
LV; and, (c) corresponding 2D parametric map of various tissue categories classified by the fuzzy
clustering algorithm.

Figure 5 shows the quantitative comparison between % GZ area (a) and dense scar
(b) relative to LV area, as determined pixel-by-pixel from in vivo MCLE and histology.
The regression analysis and linear fit yielded very good correlation in both cases (good‐
ness of fit: R2 = 0.89 for GZ, and 0.92 for scar, respectively).

Fig. 5. Correlation between GZ (a) and scar areas (b) relative to LV area determined from 2D
parametric SS-T1* maps and collagen-sensitive stains.

Figure 6 shows an example of fluorescence image at 40x magnification (myocytes
stain green and Cx43 red). All samples contained healthy myocardial tissue, GZ and
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scar (see Fig. 6a). The connexin Cx43 (red dots) were clustered at the intercalated disks
of myocytes. All ROIs analyzed quantitatively (see magnified images in Fig. 6b and 6c)
were selected from MCLE-derived healthy, GZ and scar zones. Qualitatively, there was
an apparent reduction in Cx43 density in the GZ compared to healthy tissue in both
longitudinal (up) and transverse (bottom) directions. The connexin Cx43 was completely
inhibited in the collagenous scar (images not included). Notable also was a clear
increased extra-cellular space and cellular disconnection in GZ due to collagenous fibrils
separating viable myocytes.

Fig. 6. Qualitative fluorescence microscopy images of Cx43 (see text for details).

Furthermore, as seen in Fig. 7, the quantitative analysis demonstrated a significant
reduction (> 50%) in Cx43 density in the ventricular peri-infarct (GZ) in both longitu‐
dinal and transverse directions of myocytes, compared to the Cx43 density in the healthy
tissue. This reduction may contribute to the electrical uncoupling of myocytes (resulting
in slower conduction of impulse) and formation of arrhythmia substrate.

Fig. 7. Quantitative analysis for gap junctions: comparison of Cx43 density in the GZ and healthy
tissue, for both longitudinal and transverse directions of myocytes (significant differences denoted
by p values < 0.05).
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4 Discussion

Accurate characterization of chronic infarct remodelling is an important task in order to
identify substrate of potentially lethal ventricular arrhythmia (VT/VF). This clearly
motivates the development of pre-clinical experimental frameworks and advanced tech‐
nologies based on non-invasive imaging methods as MCLE, which can offer rich trans‐
mural and structural information to supplement the invasive, sparse and surfacic elec‐
trophysiological measurements. Using MCLE, one can generate accurate SS-T∗

1 para‐
metric maps that advantageously may be used to detect infarcted tissue without the need
to estimate the TI for nulling myocardium as in LGE methods.

Our study is the first to evaluate quantitatively the relation between MR tissue prop‐
erties based on in vivo T∗

1 relaxation maps and the density of collagen in chronic fibrosis.
Overall, the comparison between MCLE-derived GZ and scar areas vs. histologically-
derived GZ and scar areas, demonstrated that 2D SS-T1* parametric maps provided an
accurate classification of infarct heterogeneities and identified subtle sub-endocardial
lesions at the tissue-blood interface. The T1–like maps reflected the structural changes
in focal fibrosis, showing an increase in extracellular space and collagen deposition in
the healing infarct, as well as the presence of patchy fibrosis (a hallmark of the substrate
for lethal VT/VF).

We acknowledge that a limitation of this study is the relatively small sample size
(i.e., n = 6 animals with chronic myocardial infarction), that is because such in vivo
preclinical experiments are expensive and difficult to perform, while whole-mount
histology is laborious and expensive. However, the 10 histological tissue samples
provided sufficient data points for an accurate statistical analysis and to obtain very good
correlation between the pixel-by-pixel MCLE-derived GZ/scar areas and collagen-
defined GZ/scar areas. The slightly poorer goodness of fit for GZ compared to scar can
be explained by the partial volume effect in the peri-infarct area, and was due to the
mixture of viable and non-viable myocytes (which contributed to an average value of
T1* within the 5 mm slice thickness).

The structural changes in fibrotic areas were accompanied by alterations at molecular
level as indicated by inhibition of the Cx43 protein, a major ventricular gap junction
that facilitates the flow of ionic current between the cells [3]. Our results showed that
Cx43 density was significantly reduced in the ischemic GZ by > 50% in both directions
of the myocytes (longitudinal and transverse), which could trigger delayed propagation
of activation wave [14]. The closure of connexin Cx43 in the ischemic GZ is important
because it reduces the conduction velocity in the arrhythmogenic substrate and facilitates
the triggering of VT/VF [15].

To conclude, in vivo 2D SS-T∗

1 maps enabled accurate MR probing of remodelled
myocardium. Such maps can be used to evaluate the changes in structural and molecular
characteristics with focal fibrosis, and to distinguish between myocardial tissue catego‐
ries (i.e., dense scar vs. GZ). Future work will focus on improving the MCLE segmen‐
tation algorithm and compare it to other intensity-based segmentation methods. Also,
we hope to improve the comparison between tissue categories as defined by MRI and
histology, by performing a non-rigid registration between the MCLE images and the
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whole-mount stained slides. Lastly, as per preliminary results presented in [16], we will
continue to improve the in vivo spatial resolution of MCLE images and further develop
accurate 3D MCLE-based heart models to predict the inducibility of scar-related VT
through in silico simulations.
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Abstract. Nowadays, unexplained cardiovascular diseases (CVD) and
heart transplant response are assessed by qualitative histological analysis
of extracted endomyocardial biopsies (EMB), which is a time consum-
ing procedure involving structural damage of the tissue and the analysis
in only a few slices of a 3D structure. In this paper we propose syn-
chrotron radiation-based X-ray phase contrast imaging (X-PCI) as a
suitable technique for the analysis of different cardiac microstructures,
such as collagen matrix, cardiomyocytes and microvasculature, and how
they are affected in abnormal conditions. Following an established pro-
cedure in clinics, biopsies from Wistar Kyoto rats are extracted, imaged
with X-PCI, and processed in order to show that the quantification of
the endomysial collagen matrix, cardiomyocytes and microvasculature is
possible, thus demonstrating that the intrinsic properties of X-PCI make
it a powerful technique for cardiac microstructure imaging and a promis-
ing methodology for a faster and more accurate EMB analysis for CVD
diagnosis and evaluation.

Keywords: Cardiac microstructure · Cardiac endomyocardial biopsy ·
X-ray tomography · Phase contrast imaging

1 Introduction

The heart anatomy has been an important research target for centuries, which
has led to a good understanding at macroscopic level. Nevertheless, the architec-
ture at individual cell scale within the whole heart as well as its relationship and
effects on the contractile mechanism remain still unclear. This lack of knowledge,
together with the fact that cardiovascular diseases are the first cause of mortality
c© Springer International Publishing AG 2017
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in the world [1], are the reasons why a big effort from the scientific community is
done towards obtaining a detailed multiscale description of the heart structure
and function.

The cardiomyocytes are the contractile cells of the heart, with a size of
approximately 10–20 µm diameter and 100–120 µm length, arranged in fibre-like
structures (myofibres). These structures, in turn, are organized and oriented in
a special manner in order to maximize the contractile function of the heart. In
addition to the myocytes, a matrix of mainly type I fibrillar collagen (∼85%)
is present in the extracellular space of the myocardium, maintained by resorp-
tion and synthesis processes carried out by cells called fibroblasts. This collagen
matrix is characterized by three different layers: endomysium (around cardiomy-
ocytes), perimysium (separates myofibres) and epimysium (around groups of
myofibres). The main function of the collagenous matrix is to serve as scaf-
fold for myocyte alignment and to avoid an overstretching of the sarcomeres.
Furthermore, it has secondary functions related to the functionality, electrical
behaviour and vasomotor reactivity of the myocardium and its structures [2]. All
these tissue components may change in shape, size or density under the effects
of cardiac disorders, such as myocardial infarction, hypertension or transplant
rejection [3,4].

Endomyocardial biopsies (EMB) are often performed in clinics to evaluate
rejection of heart transplants as well as to diagnose cardiovascular diseases that
can not be assessed by means of diagnostic non-invasive imaging techniques, such
as ultrasound or magnetic resonance [5–7]. EMB are usually qualitatively ana-
lyzed with histological procedures, which involve sample preparation processes
that lead to tissue damage and alteration of the internal structure. In addition,
only 2D information from a few slices is used for the analysis of the whole 3D
sample.

In order to understand the microstructural organization within the heart with
minimum tissue alteration, non-destructive imaging techniques with resolution
at micrometre scale are needed. Current imaging techniques provide either high
resolution (down to 155 nm pixel size and 1 µm z-step) with a small field of
view (∼160× 160 µm2) and keep altering the sample [8,9], or a whole heart
acquisition without enough resolution to resolve individual structures [10,11].

Synchrotron radiation-based X-ray phase contrast imaging (X-PCI) is a
recently emerged technique with potential to overcome the aforementioned limi-
tations. In addition to the typical absorption imaging, X-PCI exploits the differ-
ences in refractive index between different materials, which improve the contrast
while keeping the same X-ray dose. Among the different techniques exploiting
the phase contrast effects, propagation-based imaging, used in this study, is of
great interest for biomedical soft-tissue research [12]. In a recent study, phase
contrast images of cardiac tissue have been obtained with a pixel size of 3.5 µm
with the use of this technique [13].

In this study, we propose a high-resolution procedure to assess the detailed
cardiac microstructure in EMB biopsies from rat models, thus allowing the seg-
mentation and quantification of cardiac tissue components.
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2 Materials and Methods

2.1 Sample Preparation

For this study, three cardiac biopsies of the basal septum, lateral wall and apex
of the left ventricle (Fig. 1), with an approximate size of 2× 2× 4 mm3, were
extracted from two 12 weeks old male control Wistar Kyoto rats (WKY) and
fixed in 4% paraformaldehyde. The biopsies were then placed in thin-walled
borosilicate glass tubes of 2 mm of inner diameter using 70% ethanol as medium,
and mounted on the sample stage for image acquisition.

Fig. 1. Extracted biopsies for each of the hearts: basal septum, lateral wall and apex
of the left ventricle.

2.2 Data Acquisition

The synchrotron-based X-ray tomography campaign was performed at the TOM-
CAT beamline (X02DA) of the Swiss Light Source (Paul Scherrer Institute,
Switzerland). Propagation-based X-PCI was achieved with an X-ray beam of 20
keV, a voxel size of 0.65 µm and propagation distance of 20 cm. Since the sam-
ples were larger than the field of view (1.6× 1.44 mm2), three volumes from each
biopsy were imaged using a LuAG:Ce 20 µm scintillator coupled to a PCO.Edge
5.5 CMOS Camera. For each volume, 2501 projections, 20 darks and 50 flats were
acquired in approximately 7 min acquisition time. The so called darks are pro-
jections taken without beam exposure, used in order to correct for the detector’s
electronic noise, while flats are direct projections of the beam without sample,
so as to correct for non-uniformities of the beam and imperfections in the optical
components [14]. A sketch of the experimental setup can be found in Fig. 2.
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Fig. 2. Sketch of the experimental setup at the TOMCAT beamline at the Swiss Light
Source

2.3 Image Processing

The acquired projections were reconstructed using the Gridrec algorithm [15].
Current detector technologies only allow intensity measurements, thus losing the
information coded in the phase of the signal. Nevertheless, the phase informa-
tion can be retrieved by several algorithms incorporating knowledge on wave
propagation, such as the single distance phase retrieval method developed by
Paganin [16]. Therefore, the data was reconstructed both with and without
phase retrieval in order to later be able to fuse information from both phase
and intensity images, respectively. The δ/β ratio used in the Paganin algorithm
was 56.9. Then, representative 300× 300× 300 µm3 subvolumes were cropped
for processing.

For the segmentation task, the chosen tool was the open-source software
Ilastik [18], based on interactive machine and active learning classifiers. The
training process consisted on the iterative labelling of the images for cells,
endomysial collagen and background in the three directions (2 slices per direc-
tion). Since the imaging conditions were the same for all samples, Ilastik was
able to segment new input images with just small supervision (a few annotations
in 1–2 slices) even if they did not correspond to the training datasets. The phase
retrieved images were used to segment cells and background due to the increased
contrast given by the Paganin approach. Nevertheless, the contrast of the image
areas corresponding to the collagen matrix was reduced in most cases, so the
non-phase retrieved images were used to segment it, as they are sharper and
show a greater intensity difference compared to the rest of structures. Finally,
objects smaller than 150 pixels in 3D were removed to reduce noise, both masks
were fused and percentage of endomysial collagen per unit of cell area was com-
puted. Due to acquisition problems, an apical biopsy dataset could not be used
for analysis.

Moreover, we were also able to segment part of the cardiac vasculature with
the Carving module included in Ilastik, based on seeded watershed algorithm
where the seeds are given interactively by the user. In this case, the phase
retrieved images were used, again due to the higher contrast between the vascu-
lature wall and background.
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3 Results

The results obtained are represented for different rats, cardiac areas and volume
sizes in order to show representative examples for each of the aforementioned
acquisition and image processing procedures.

Two sets of orthogonal views of a representative subvolume are shown in
Fig. 3, both with and without phase retrieval. Note how individual cardiomy-
ocytes and its fibre-like arrangement can be distinguished. The brighter intensity
spots correspond to the collagen matrix.

Fig. 3. Three orthogonal views (a) without and (b) with phase retrieval, corresponding
to a 300× 300× 300 µm3 subvolume of a biopsy of the left ventricle lateral wall of a
WKY rat.

Figure 4 shows representative images of the segmentation procedure for the
collagen matrix and cells. The 3D representation of the collagen matrix in Fig. 4f
shows its organization in fibre-like structures following the direction of the car-
diomyocytes. The relative amount of endomysial collagen within the different
processed subvolumes for the WKY rats is detailed in Table 1. Finally, Fig. 5
shows the results of the vascular segmentation, where its branching morphology
can be clearly observed.

4 Discussion

In this study we demonstrate that X-PCI, specifically in free-space propagation
mode, can be used in order to assess the organization of the cardiac tissue at
micrometer scale. In order to do so, images with a voxel size of 0.65 µm have been
acquired, thus improving the state-of-the-art 3.5 µm for this imaging technique
in the study of cardiac tissue [13]. Such improvement in resolution allows to
analyse the samples by directly looking at its micrometer level structures, such
as cardiomyocytes, endomysium network or microvasculature, which for the best
of our knowledge, has never been achieved before with the use of X-ray imaging
techniques.
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Fig. 4. Representation of the different steps in the segmentation of cardiomyocytes and
collagen for a 300× 300× 300 µm3 subvolume of the basal septum biopsy of a WKY
rat. Scale bar corresponds to 50 µm (a) Non-phase retrieved image. (b) phase retrieved
image. (c) collagen segmentation. (d) cardiomyocytes segmentation. (e) resulting fusion
of segmentations. (f) 3D rendering of the endomysial collagen segmentation in the entire
subvolume.

Table 1. Calculated values for the endomysial collagen percentage in each of the
biopsies.

Apex LV Wall Septum

WKY1 4.23% 6.37% 4.60%

WKY2 —— 5.14% 1.64%

In Table 1 it is shown that the collagen percentage is higher in the left ventric-
ular wall than in the rest of areas. Moreover, the collagen percentage difference
between rats in the left ventricular wall is in a smaller range (∼1%) in compar-
ison to the basal septum region (∼2%). In the literature [17], endomysial colla-
gen fraction with respect to total area was quantified from confocal microscopy
images (0.4 µm voxel size). Left ventricular midwall WKY samples were analysed
resulting in a ∼2.5% of collagen. In our case, similar but slightly higher values
are observed in the left ventricular wall. The reasons for this increase are several.
First, the calculation of collagen percentage is done with respect to cardiomy-
ocyte area and not total area, which is more significant taking into account that
endomysium is found around individual cells. In addition, the voxel size used
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Fig. 5. (a) Selected slice and (b) 3D rendering of the vasculature segmentation in a
680× 920× 440 µm3 subvolume of the basal septum biopsy of a WKY rat.

in X-PCI is larger than in the confocal microscopy technique used in the com-
pared study, thus introducing a smoothing effect that may increase the amount
of collagen quantified. Finally, as a limitation of the methodology, we would like
to mention that platelets and collagen have very similar characteristics in the
images and, therefore, when platelets are present in very small diameter vessels
it is currently very difficult to differentiate them. Therefore, in order to overcome
this limitation as much as possible, the analysis was performed in subvolumes
without presence of visible vasculature.

The data obtained is of high interest in scientific and clinical terms, as it
allows to characterize the tissue by direct observation of its main structural com-
ponents to better understand how they influence the macroscopic organization
and functionality. This means that we can also detect how these microstructures
are affected under the influence of certain cardiac diseases or disorders, the so
called cardiac remodelling, and thus comprehend in more detail the different
abnormalities at all scales.

Nowadays, several diseases involving cardiac remodelling are assessed by
histological imaging of extracted EMB. During such techniques, the biopsies
undergo a series of destructive procedures that change the properties of the tis-
sue and the final images are usually 2-dimensional, which can be overcome by the
non-destructiveness of X-PCI and improved by the 3-dimensional time-efficient
nature of the technique. In addition, the proposed image processing framework
allows the quantitative evaluation of the acquired X-ray images, thus improving
the accuracy of the currently qualitative assessment of histological images.
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5 Conclusion

The results show that X-PCI is a very promising technique for the analysis of
the cardiac microstructure, as it is a 3-dimensional time-efficient non-destructive
technique that allows the detailed observation of the different elements of the
tissue at micrometer level. Therefore, the development and translation of X-PCI
to a table-top system has the potential to improve the biopsy-based diagnostic
procedures thanks to easier, less aggressive and shorter preparation and imaging
procedures.
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Abstract. Current understanding of heart wall fiber geometry is based
on ex vivo static data obtained through diffusion imaging or histology.
Thus, little is known about the manner in which fibers rotate as the heart
beats. Yet, the geometric organization of moving fibers in the heart wall
is key to its mechanical function and to the distribution of forces in it to
effect efficient, repetitive pumping. We develop a moving frame method
to address this problem, with a spatio-temporal formulation of the asso-
ciated Cartan matrix. We apply our construction to simulated (canine)
data obtained from a left ventricular mechanics challenge, and to in vivo
human left ventricular data. The method shows promise in providing
Cartan connection parameters to describe spatio-temporal rotations of
fibers, which in turn could benefit subsequent analyses or be used for
diagnostic purposes.

1 Introduction

Mammalian heart wall muscle is comprised of densely packed elongated myocytes
in an extra-cellular matrix [4,11]. The geometry of this packing facilitates effi-
cient pumping to optimize ejection fraction while also providing strength. The
precise manner in which fibers move and rotate with the material medium in
which they are placed during the heart beat cycle is as yet not known. Current
models of heart wall fiber geometry are derived from diffusion imaging of static
ex vivo hearts and from histology. Models do exist for such data, for example
the rule-based model of [1], and the techniques in [7]. However, such methods
lack a temporal dimension to capture fiber rotation as the heart beats. Whereas
there is on-going progress in our community towards in vivo cardiac diffusion
imaging, with the possibility to now acquire full heart fiber orientation data in
beating hearts [6,17], the mathematical tools for analysis lag behind.

The key contribution of the current article is the use of Cartan connec-
tion forms [12,16] to model both spatial (within a time sample) and temporal
(between time samples) rotations of frame fields attached to heart wall fibers.
This allows one to capture spatial and temporal geometric signatures within a
c© Springer International Publishing AG 2017
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single consistent framework. We begin by reviewing Cartan connection forms
and their use in moving frame methods. Extending a method for the case of sta-
tic fibers in [13], we add a temporal dimension to the Cartan matrix. We then
specialize the model by adopting frames fit to heart wall myofiber orientations
recovered from diffusion data. We demonstrate the promise of this method for
the recovery of geometric curvature type spatio-temporal signatures for moving
myofibers during a heart beat cycle, using both finite element simulation on
canine data [2] and human in vivo cardiac diffusion imaging.

2 Materials and Methods

2.1 Cartan Connection Forms

We begin by reviewing the mathematics of Cartan connection forms for the case
of an orthonormal unit frame field F = [f1, f2, f3]T defined in R

3, which is the
construction used in [13] to describe the geometry of myofibers in a static heart
wall. A covariant derivative of this frame field with respect to a vector v at point
p is given by

∇vfi = ωi1(v)f1(p) + ωi2(v)f2(p) + ωi3(v)f3(p), (1)

where i ∈ {1, 2, 3}, and ωij(v) = ∇vfi · fj . [12] shows that these ωijs satisfy the
definition of 1-forms in R

3. For any vector field v in R
3, ∇vfi =

∑
j ωij(v)fj .

Using the alternating property of 1-forms, ω11 = ω22 = ω33 = 0 and ω21 =
−ω12, ω31 = −ω13, ω32 = −ω23. Let us assume that the frame field F has the
following parametrization in the universal Cartesian coordinate system E =
[e1, e2, e3]T :

fi = αi1e1 + αi2e2 + αi3e3, (2)

where i ∈ {1, 2, 3}, and each αij = fi·ej is a real valued function. The matrix A =
[αij ] is called the attitude matrix, and dA = [dαij ] is a matrix whose elements
are 1-forms. With ω = [ωij ] it can be shown that ωij =

∑
k(dαik)αkj [12],

so ω = dAAT . Connection forms describe the rate of change of a frame field
[f1, f2, f3]T in the direction of an arbitrary vector v. The dual 1-form of the
frame field [f1, f2, f3]T is obtained when it is itself parametrized via 1-forms,
i.e., for each vector v at p, ψi(v) = v · fi(p). For the sake of simplicity we will
use the same notation for the frame and its dual representation, i.e.,

fi(v) = ψi(v) = v · fi(p). (3)

From the definition of the 1-form,

dxi(v) =
∑

j

vj
∂xi

∂xj
(p) = vi. (4)

Combining Eqs. (3), (4) results in

fi(ej) = fi · ej = (
∑

k

αikek)ej = αij . (5)
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From Eq. (4), (5) we have fi =
∑

j αijdxj which, with F = [fi]T , can be written
in the dual 1-form representation as F = A[dx1 dx2 dx3]T . The Cartan structural
equation is then given by [12]:

dfi =
∑

j ωij ∧ fj , i.e., dF = ωF, dωij =
∑

k ωik ∧ ωkj , i.e., dω = ωω. (6)

Since there are three unique connection forms ω12(v), ω13(v), ω23(v), feeding the
frame field’s unit vectors to them produces nine different connection parameters
cijk = ωij(fk). Here, for the vector v at a point p, ωij(v) represents the amount
of fi(p)’s turn toward fj(p) when p moves in the direction of v. The estimation
of these connection parameters for frame fields attached to diffusion MRI data
of ex vivo hearts was the strategy proposed in [13] to parametrize the static
geometry of heart wall myofibers.

2.2 Cartan Forms for Moving Fibers

We assume that for any query time t ∈ R we have a stationary state of an
orthonormal moving frame field F t attached to heart wall fibers as in [13], with
the corresponding universal coordinate Et = [e1, e2, e3]T : f1 is aligned with the
fiber orientation, f3 is given by the component of the normal to the heart wall
that is orthogonal to f1 and f2 is their cross-product. Our goal is to parametrize
the local rotation of F t in both space and time so we extend the existing 3D
coordinate system to add a 4th dimension to represent the time axis. Let E =
[e1, e2, e3, e4]T represent our extended universal coordinate system, R4, in-which
ei · ej = δi,j where δi,j is the Kronecker delta, and e4 = [0, 0, 0, 1]T is a basis
vector for the time axis in our 4D representation. Thus a query < x, y, z, t >,
where x, y, z, t ∈ R, represents a query < x, y, z > in Et. We extend the local
frames F t to 4D as follows:

Definition 1. Let F t = [f1, f2, f3]T =

⎡

⎣
f t
1,x f t

1,y f t
1,z

f t
2,x f t

2,y f t
2,z

f t
3,x f t

3,y f t
3,z

⎤

⎦ describe the frame field

in R
3 at time t, then: ⎡

⎢
⎢
⎣

f t
1,x f t

1,y f t
1,z 0

f t
2,x f t

2,y f t
2,z 0

f t
3,x f t

3,y f t
3,z 0

0 0 0 1

⎤

⎥
⎥
⎦ (7)

is the 4D extension of the frame fields F t.

Since we know that F t = [f1, f2, f3]T is an orthogonal matrix, it is not hard to
show that F = [f1, f2, f3, f4]T is also orthogonal, i.e., ∀i �= j, fi · fj = 0.

The next step is to extend the existing connection forms from 3D to 4D. Let
F = [f1, f2, f3, f4]T be an arbitrary frame field on R

4, which, for i ∈ {1, 2, 3, 4},
has the following parametrization in the extended universal coordinate system
E = [e1, e2, e3, e4]T :

fi = αi1e1 + αi2e2 + αi3e3 + αi4e4. (8)
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A covariant derivative of this frame field with respect to a vector v at point p is
given by

∇vfi = ωi1(v)f1(p) + ωi2(v)f2(p) + ωi3(v)f3(p) + ωi4(v)f4(p), (9)

where [αij ] = [fi · ej ] is the attitude matrix in R
4 and ωij =

∑
k(dαik)αkj is a

1-form.

Definition 2. Let i < j and i, j, k ∈ {1, 2, 3, 4}. By feeding the frame field’s
unit vectors (fis) to ωij(v) we have

cijk = ωij(fk). (10)

Remark: For j = 4, cijk = ωij(fk) = 0. For a point p and with i < j ∈
{1, 2, 3}, ωij(fk) represents the amount of fi(p)’s turn toward fj(p) when taking
a step towards fk(p).

Given the skew-symmetry property of the 4 × 4 connection form matrix we
build 3×4 = 12 different non-zero and unique cijks. We can use these coefficients
to estimate the motion of the frame field using first order approximation of the
Taylor expansion of the frame field F in the direction of the vector v at point p

fi(v) � fi(p) + dfi(v). (11)

Finally, by applying the Cartan structural Eq. (6) on the Eq. (11), where v =∑
k vkfk, we have

fi(v) � fi(p) +
∑

j

(
∑

k

vkcijk

)

fj(p). (12)

We now show how to calculate the 1-form coefficients of a given 4D frame. From
the definition of the cijks in [13] and their first order Taylor expansions, for an
arbitrary vector v at point p, and i, j, k, n ∈ {1, 2, 3, 4} we can re-write Eq. (6)
as

cijk = ωij(fk) = fj
T J(fi)fk, (13)

where J(fi) = [∂fij

∂xk
] is a Jacobian matrix. Given a discretized frame field, we

then apply Eq. (13) to calculate the connection form coefficients.
We illustrate the above extension by a simulation in Fig. 1, where we con-

sider an initial fiber direction, with an attached frame field, and then apply a
specific set of cijks to it. Here f1 is in the direction of the fiber, f3 is in the
in-page direction orthogonal to f1 and f2 = f3 × f1. The figure (left to right)
shows three samples in time of the orientations in the local neighborhood of
the fiber, generated with the parameters c123 = 0.5 radians/voxel, c124 = 0.03
radians/time-step, and cijk = 0 for all remaining connection parameters. The
positive c123 value results in a clockwise rotation of fibers in the in-page direction
(panel A) and the positive c124 value results in an increase in the total in-page
rotation of fibers in time (panels B and C).
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CBA

Fig. 1. The application of a specific set of 4D connection parameters cijk to a frame
field attached to a fiber direction. See text for a discussion.

2.3 Beating Heart Fiber Data

We construct two data sets for evaluating our method for moving fibers in the
heart wall. The first uses canine heart data from the STACOM 2014 LV mechan-
ics challenge [2]. This includes a hexahedral mesh at the beginning of the beat
cycle, the associated local cardiomyocyte fiber orientations from the first prin-
cipal eigenvector of ex vivo diffusion tensor MRI data, an endocardial pressure
curve, and the positions of several reference points on the base of the left ventricle
at three points in the beat cycle. We used this data for a finite element simulation
of the heart wall using the transversely isotropic Holzapfel-Ogden constitutive
equations, which describe a non-linearly elastic incompressible material designed
to model the empirical behaviour of the cardiac tissue [8]. We apply to this model
a controlled rotation θ of the undeformed fiber orientation at each point in the
heart wall, as a linear function of time and transmural distance from the midwall.
We then apply the local deformation gradient during the simulation to yield the
effective rotation in time of the fibers in the beating heart. The finite element
simulation, the material model and the rotation of fibers were implemented in
FEBio [10] as a plugin.

The second is from in vivo diffusion imaging of an entire human heart. Data
of a single healthy volunteer was acquired on a 3T scanner (Philips, Achieva)
using a 32-channel cardiac coil. DWI was performed using a SE sequence with
cardiac triggering in free breathing with asymmetric bipolar gradients [6,17] and
additional compensation for the slice and readout gradients. Data was acquired
with 150 and 220 ms delays after the cardiac trigger and b-values of 0, 10, 20,
30, 50, 100, 200 and 400 s/mm2 with 6, 3, 3, 3, 3, 3, 3 and 24 gradient-directions,
respectively. The imaging parameters were: TE = 62 ms; TR = 14 heart beats;
FOV = 280× 150 mm2 (using outer volume suppression using rest slabs); slices
= 14; voxel size = 7× 2.5× 2.5 mm3; acquisition matrix = 112× 48 SENSE fac-
tor = 2.5; partial Fourier = 0.85; EPI bandwidth = 42 Hz/pix; averages = 1;
fat suppression = SPAIR; Gmax = 62 mT/m; max slope = 100 mT/m/ms and
acquisition time = 13 min. Data processing was done using DTITools for Math-
ematica 10 and included registration to correct for subject motion and eddy
current deformations, noise suppression and tensor calculation using weighted
linear least squares estimation [5], with the ventricles segmented manually using
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A

Fig. 2. An illustration of the simulated motion of canine heart wall fibers in the left
ventricle at two time points in the systolic phase: 50 ms (A) and 350 ms (B). The fiber
orientations are shown in red and partial tractography provides a visualization of fibers
in a local neighborhood. In this simulation the total transmural applied rotation (θ)
from 0ms to 400 ms is 20◦. (Color figure online)

ITK-SNAP [18]. The primary eigenvector of the tensors within the left ventricle
were extracted and used for subsequent analysis.

3 Results

In our experiments on both the canine data and the in vivo human data, our
frame axes f1, f2, f3 are chosen in the manner explained in Sect. 2.2. The results
from past fitting of Cartan connection parameters to static ex vivo mammalian
heart data in [13] have shown c123, c131, c232 to be the most significant parame-
ters, with the others being close to zero. The first of these has to do with the
helix angle change in a transmural direction and the latter two are related to
sectional curvatures of the heart wall. The addition of the temporal dimension
in the present paper now adds the possibility to look at frame axis rotation
in time, i.e., cij4 connection parameters. In the canine data with a controlled
increase θ in the total epicardium to endocardium rotation we expect the new
parameter c124 to pick up this effect. Figure 2 shows two time frames of a canine
data set, where the total angular change in orientation θ is 20◦. This choice of
enforced rotation was motivated in part by prior biological work, which suggests
a small but measurable increase in the rate of transmural fiber angle change as
systole progresses [3]. The tractography in the visualization shows how the total
epicardium to endocardium turn increases in time.

In Fig. 3 we show histograms over the entire left ventricle of the spatio-
temporal connection form parameters with the highest magnitudes: c123 and
c124 for two canine data sets. The units of cijk are radians/voxel when k �= 4
and radians/10 ms when k = 4. In our simulations the active contraction begins
at around 100 ms, so the red curve for the cij4 terms in the right column of the
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Fig. 3. We focus on c123 and c124 and show the effect of different choices for the total
applied additional transmural rotation (θ): 0◦ (top), 20◦ (middle) and 90◦ (bottom) for
two canine data sets. The red, green and blue curves show histograms corresponding
to the 50 ms, 200 ms and 350 ms time samples in the systolic phase from 0 ms to 400
ms (Color figure online)

figure is in fact expected to be very small, since it corresponds to 50 ms at which
time the fibers are relatively static. We also consider the effect of no additional
rotation θ (top row) and the extreme case of θ = 90 (bottom row). Although
the latter case is not biologically realistic, this type of variation in controlled
rotation of fibers gives us a way to evaluate our method. For both canine data
sets we see the clear shift to the left in the c123 histograms (red → blue) as θ
is increased, reflecting our expectation. The variation in the c124 parameters in
time is more subtle, because this reflects the instantaneous (time sample to time
sample) in plane rotation of the fibers.

Figure 4 illustrates our in vivo data (top) and the Cartan connection para-
meters (bottom) obtained by fits to the entire left ventricle. In vivo diffusion
imaging presently suffers from many challenges, including low spatial resolution,
a limit on the range of possible timing and low signal-to-noise compared to ex
vivo acquisitions. The data can also contain artifacts which are spatially varying,
e.g., results near the apex are typically not reliable. In our full heart sequence
the time samples are concentrated at end systole, when the heart wall is thick
and fibers are relatively stationary. As such we see the clear role of the non-zero
c123 term, capturing transmural rotation, but the c124 term is small.
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Fig. 4. In vivo heart wall fibers in a human left ventricle at two time points in the
systolic phase: (A) 150 ms, (B) 220 ms. (C) Histograms of the Cartan connection
parameters c124, c123, obtained via fits to (A) (red) and (B) (green). (Color figure
online)

4 Discussion

We have developed a moving frame method for the modeling of fibers in a
dynamic, beating heart. The construction of the Cartan matrix for spatio-
temporally varying fiber orientations, along with a method for fitting the Cartan
connection parameters, shows promise when applied to simulated canine data
with controlled rotations to fibers. In our experiments we see that non-linearities
in the variation of the (time) sample to (time) sample transmural rotation, as
reflected in the c124 parameter, can arise. We speculate that such non-linearities
may occur in the beat cycle to accommodate the wringing motion qualitatively
seen when viewing the beating left ventricle in echocardiography or cardiac MRI.
Our experiments on in vivo human data, though proof-of-concept at the present
time, demonstrate the ability to recover curvature like signatures in such settings
as well.

While our approach is a natural extension of the methods of moving frames
in space to space and time, there are a number of theoretical considerations that
can be further addressed. In comparison to other models, such as using regression
or spline fits between time points, the use of Cartan forms provides an easily
interpretable and intuitive set of measurements able to characterize the evolution
of the frame fields over time. While it may be possible to obtain equivalent
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measurements with other models, we anticipate that this would compromise the
elegance, extensibility, and simplicity of the approach we have taken.

For the frame fields themselves, one biologically motivated consideration is
the use of the other eigenvectors of the diffusion tensor as basis vectors. This
would allow a definition of a truly local frame field and permit investigation
of the geometry of the other eigenvectors, postulated to represent a laminar
structure [9]. A practical challenge here is that such an approach would suffer
more acutely from the low spatial and temporal resolution and high noise level
of in vivo moving data than our current approach.

As in vivo diffusion imaging advances, Cartan frame spatio-temporal fitting
could offer informative geometric descriptors for analysis. As in the strictly spa-
tial case, a number of natural applications of this formalism are apparent. Pre-
vious methods for inpainting and denoising potentially damaged measurements
in ex vivo static hearts via differential forms [15], as well as atlas construction
to allow inter-species comparison using differential geometric measures [14], are
both readily extended to the spatiotemporal domain based on the approach
described herein. In these and other cases, the statistical properties of connec-
tion form values can be adapted for use in learning-based approaches (e.g. for
segmentation or other medical imaging tasks). More importantly, they provide a
means for the analysis of fiber orientation as the heart beats, which will become
increasingly important as in vivo diffusion imaging becomes more common. In
clinical applications connection form values are likely to assist in providing sig-
nals of abnormal geometry, such as those which might occur in the presence of
local cardiac infarcts. Moving beyond diffusion imaging, other modalities may
benefit from our approach. For example, with ultrasound we may be able to take
advantage of increased temporal resolution, as well as latent fiber information,
by utilizing information extracted from the modeling of ex vivo hearts.
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Abstract. Quantification of myocardial T1 and extra cellular volume
(ECV) in cardiac MRI provides relevant diagnostic information about
myocardial structure. However, since these maps are pixel-wise calcu-
lated from two sequences of T1-weighted images, they are frequently
disturbed by motion artifacts originating from e.g. patient motion, fail-
ure in breath-hold or cardiac motion. We propose a new non-rigid regis-
tration framework combining a robust data-driven initialization with a
model-based refinement. The data-driven algorithm finds an optimal reg-
istration sequence of images for calculation of an initial T1 map. The reg-
istration is subsequently refined by exploiting the exponential relaxation
model of T1. Validation using 20 in-vivo data sets showed a decrease in
mean boundary error and an increase in global Dice coefficient.

Keywords: T1 mapping · ECV mapping · Image registration

1 Introduction

Accurate measurement of myocardial T1 and extra cellular volume (ECV) using
cardiac MRI is highly relevant for the diagnosis of diffuse myocardial diseases
such as diffuse fibrosis, amyloidosis and Anderson Fabry disease [1]. Compared
to the conventional late gadolinium enhanced (LGE) images where diagnosis is
based on the subjective assessment of relative contrast differences, T1 and ECV
mapping allow quantitative characterization of the myocardium. In T1-mapping,
a map of the longitudinal relaxation time (T1) is obtained by fitting an exponen-
tial curve to each pixel in a sequence of T1-weighted images acquired over mul-
tiple heart cycles using the Modified Look-Locker Inversion-Recovery (MOLLI)
protocol [2]. Additionally, an ECV map [3] can be constructed by combining
the T1 maps before (native) and after (enhanced) gadolinium contrast injection.
Despite ECG-gating and imposed breath-hold, the pixel-wise T1 maps are still
often disturbed by motion artifacts (Fig. 1) originating from involuntary patient
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motion, imperfect breath hold (especially in patients), septal shifts resulting
from pressure differences between both ventricles during a breath-hold or timing
differences (due to heart-rate related triggering errors or drifts). Retrospective
motion correction is thus imperative for correct quantification of T1 in the whole
myocardium.

The use of off-the-shelf state-of-the-art data-driven image registration
approaches for this application is complicated by the intrinsic complexity of
the image data, including contrast inversion, partial volume effects and signal
nulling for images acquired near the zero crossing of the T1 relaxation curve [4],
such that dedicated approaches are needed. In [5], a local non-rigid registration
framework was developed that simultaneously estimates the motion field and
the intensity variation to cope with the large variations in contrast. In [6], a
groupwise method for quantitative MRI was proposed whereby all images are
registered simultaneously to a mean space by minimization of a cost function
based on principal component analysis, assuming a non-specified low dimensional
signal model. Model-based approaches on the other hand exploit the underlying
T1 relaxation model, such that direct registration between images with largely
different or inverted contrast can be avoided. In [4], motion-free synthetic images
resembling the original contrasts are constructed based on a rough initial T1 esti-
mate to guide the registration. In [7], the error on the exponential curve fitting
is used as registration criterion, which is assumed to increases in case of mis-
alignment. A limitation of these model-based algorithms is however that a good
initialization for T1 is required, which in practice involves a sufficiently accurate
initialization of the registration. Furthermore, relying on the model is compli-
cated by the need for signal polarity restoration when magnitude-reconstructed
images are used.

In this paper, we present a model-based registration method for T1 mapping
which iteratively minimizes the errors on the T1 curve fit by registering each
image to its corresponding model derived from the T1 map. Compared to existing
model-based algorithms, we propose a robust data-driven initial registration to
avoid large bias in the initial T1 estimate in cases with large motion. Robustness
is assured by automatically determining an optimal registration sequence for each
image and by exploiting specific knowledge about the acquisition to identify the
low-signal images in the sequence that are difficult to register, requiring specific
attention. Furthermore, we also integrate the inter-scan registration (native and
enhanced) in the framework to obtain motion free ECV maps.

2 Methods

The proposed algorithm combines a data-driven initialization (Sect. 2.1) with
a model-based refinement (Sect. 2.2). The data-driven algorithm is required to
obtain a robust first estimate for the pixelwise T1 before exploiting the T1-
relaxation model. This combined method is applied to both native and enhanced
MOLLI scans. A motion free ECV map is additionally obtained by inter-scan
registration (Sect. 2.3).



44 S. Tilborghs et al.

Fig. 1. Five of eight T1-weighted images of a MOLLI scan in order of acquisition
before (a) and after (b) model-based registration and the model images Imt of the first
iteration with heart mask overlaid (c). The endo- and epicardial contours of the second
image, which was used as reference image for initialization, are depicted on all other
images. The arrows indicate motion.

2.1 Data-Driven Initialization

A rectangular region of interest (ROI) around the heart is manually selected on
the first image of each sequence prior to registration. The data-driven algorithm
considers all pairwise registrations between all images I1 to In in the sequence
simultaneously and applies a global optimization approach to find an optimal
reference image and optimal registration sequences in order to minimize registra-
tion failure. The optimization is based on a measure C(a, b) for the registration
affinity between any two images Ia and Ib which takes into account (1) the con-
sistency Cc(a, b) between their forward T a→b backward T b→a rigid registration
transformation and (2) the similarity Cs of each image with all other images in
the sequence after rigid registration:

C(a, b) = (Cc(a, b) + Cc(b, a)) + w · (Cs(a) + Cs(b)), (1)

with Cc(a, b) =
∥
∥(T b→a · T a→b − 1) · ca

∥
∥, with ca the center of the image Ia and

Cs(a) = 1/
∑

i MI(a, i) the inverse of the total mutual information of image a
with any other image i. The two terms are balanced by the weight w to have
a more or less equal contribution to the cost C(a, b). The optimal sequence of
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pairwise registrations between all images is determined by minimizing the total
accumulated cost of each sequence using the Floyd-Warshall algorithm applied
to the cost matrix C [8]. The image for which direct registration is selected to
be optimal for most of the other images, is selected as reference image. The
required pairwise registrations are subsequently refined by non-rigid registration
using the mutual information similarity measure, a B-spline parametrization and
a rigidity penalty, calculated using Elastix [9]. Each image is then warped to the
reference image by concatenating the transformations according to its optimal
registration sequence.

Because images with low signal were found to be difficult to register with
any other image, they are treated differently to increase registration robustness.
These images are automatically detected in the sequence based on their mean
signal intensity over the ROI and are initially only aligned rigidly with the
reference images, based on the rigid registrations of their adjacent images in
acquisition order, assuming the rigid motion component to be continuous.

2.2 Model-Based Registration

Refinement of the registration is achieved by exploiting the exponential model
of T1 relaxation. The estimated T1 of a pixel is obtained by fitting the theoretic
three parameter curve to the intensities s(t) of the images of the MOLLI scan,
acquired at timepoints t after the inversion pulse:

s(t) = A − B · e −t
Tapp , (2)

where A and B are dimensionless parameters, Tapp is the apparent T1 and the
true T1 is T1 = Tapp ∗ (B \ A − 1). The optimal parameters are calculated
using the Nelder-Mead simplex direct search algorithm [10]. Because magnitude-
reconstructed images are used in our experiments, the exponential curve cannot
be fitted directly through the image intensities as the polarity of the signals is
unknown. Hence, we use a multifitting approach [11] where for each pixel, four
curve fittings are performed (none, one, two or three first points inverted). The
curve fitting with the lowest squared error is considered to be the correct one.

From the estimated parameters A, B and Tapp in Eq. 2, ideal model images
Imt are derived for every timepoint t in the MOLLI sequence with similar contrast
as the original images It, but with reduced motion artefacts (Fig. 1c). Hence, it
is expected that in case of misalignment, the difference between Imt and It will
increase [12]. The model-based motion correction therefore minimizes the sum-of-
squared differences ‖It − Imt ‖2 between every corresponding original and model
image over a region representing the heart. This mask is automatically segmented
from the native T1 map obtained after initial data-driven registration (Fig. 1c).
After calculating a B-spline motion field for all images, a new T1 map with
reduced motion artefacts is obtained. This iterative process of motion correction
based on model images and recalculation of the T1 map and the model images
is repeated five times.
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2.3 Inter-scan Registration

Alignment of the native and enhanced T1 map is achieved by registering the
optimal reference images found in the data-driven intra-scan registration. Since
these are convenient for pairwise registration with most of the other images, reg-
istration between them was found to be sufficiently robust. A non-rigid transfor-
mation using a B-spline parametrization and the mutual information similarity
criterion with heart mask as explained in Sect. 2.2 are used.

3 Experiments

The registration method was evaluated using the native and enhanced mid-
cavity short axis images of 15 young athletes and 5 clinical cases with variable
pathology, including cases with clearly apparent motion and cases with no or
limited motion. The 2D+time scans were recorded using a 1.5 T MR scanner
(Achieva, Philips Healthcare, Best, the Netherlands) and a 6-channel cardiac
phased array receiver coil. For the enhanced scans, 0.15 mmol/kg of gadobutrol
(GadovistTM, Bayer Schering) was administered to the subjects. The 5s(3s)3s
and the 4s(1s)3s(1s)2s MOLLI scheme [13] were used for the native and enhanced
scans respectively. The athlete study was approved by our institutional review
board, and informed consent was obtained from all participants.

The endo- and epicardium were manually delineated on every (non-corrected)
T1-weighted image by two different, independent observers (athlete data) or one
observer (patient data). The segmentations were propagated to the reference
image space by applying the calculated transformations to binary images repre-
senting the myocardium. For perfect image alignment and assuming no segmen-
tation errors, the overlap of the myocardial segmentations should be optimal.
This is assessed using the global Dice similarity coefficient DSCG [6] which is
sensitive to the misregistration of a single image:

DSCG =
n ∗ (S1

⋂
S2...

⋂
Sn)

S1 + S2 + ... + Sn
, (3)

where Sk is the kth segmentation and n is the number of images in the MOLLI
scan(s). Additionally, the mean distance between the endo- and epicardial con-
tours is calculated (Mean Boundary Error, MBE). The results compare the
scans before motion correction, after data-driven motion correction (naive,
Sect. 2.1, but with no specific treatment for low signal images) and after the
proposed method (initialization and refinement). The statistical significance of
obtained results is assessed using the two sided Wilcoxon signed rank test with
a significance level of 5%.

4 Results

The obtained values for DSCG and MBE are given in Tables 1 and 2. The
results of the athlete data (Table 1) are shown separately for the two observers
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Fig. 2. Native T1 map of an athlete before registration (a), after initialization (b) and
after model-based registration in the first (c) and fifth (d) iteration, enhanced T1 map
before (e) and after (f) model-based registration and ECV map after registration (g).

to assess the influence of segmentation error on the results. For the athlete data,
the model-based approach significantly decreased the MBE and increased the
inter-scan DSCG with respect to the original images. Furthermore, statistical
significant improvement of the model-based algorithm compared to the naive
data-driven registration was demonstrated for all calculated metrics. For the
patient data, a similar trend is observed. Visual inspection of the separate images

Table 1. Mean and standard deviation of DSCG [%] and MBE [mm] before regis-
tration, after naive intensity based registration and after the proposed model-based
registration for the subjects of the athlete study for the segmentations of observer
1 and 2.

Observer 1 Observer 2

DSCG MBE DSCG MBE

Native Original 0.53± 0.19 1.16± 0.48 0.64± 0.17 1.20± 0.53

Naive 0.47± 0.13 0.97± 0.30 0.55± 0.11 0.99± 0.25

Proposed 0.57± 0.11 0.74± 0.14 0.63± 0.08 0.94± 0.21

Enhanced Original 0.48± 0.27 1.40± 1.29 0.56± 0.24 1.51± 1.38

Naive 0.25± 0.21 1.37± 0.68 0.37± 0.19 1.27± 0.69

Proposed 0.50± 0.20 0.77± 0.36 0.57± 0.16 0.97± 0.41

Inter-scan Original 0.12± 0.10 3.75± 1.81 0.25± 0.16 3.74± 1.96

Naive 0.19± 0.14 1.42± 0.44 0.29± 0.18 1.56± 0.40

Proposed 0.39± 0.10 1.08± 0.25 0.47± 0.10 1.27± 0.21
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Fig. 3. Native T1 scan of a patient
before (top) and after (bottom)
registration. Clear improvement is
shown at the arrows.

Table 2. Mean and standard deviation of DSCG

[%] and MBE [mm] for 5 patients.

Observer 1

DSCG MBE

Native

Original 0.49± 0.26 1.34± 0.61

Naive 0.42± 0.31 1.42± 0.93

Proposed 0.51± 0.21 0.88± 0.34

Enhanced

Original 0.52± 0.14 1.18± 0.24

Naive 0.51± 0.17 0.81± 0.18

Proposed 0.52± 0.20 0.77± 0.27

Inter-scan

Original 0.16± 0.12 4.99± 3.39

Naive 0.32± 0.24 1.92± 1.94

Proposed 0.40± 0.24 1.54± 0.44

showed no unexpected deformation (Fig. 1b) and improvement of the T1 maps is
illustrated in Figs. 2 and 3. The mean septal T1 and ECV of the athletes consis-
tently decreased for every subject after registration with on average respectively
1048 ± 38 ms and 36 ± 8% before registration and 1007 ± 22 ms and 26 ± 2%
after registration. This indicates that the myocardial T1 and ECV values are
less contaminated by the higher T1 and ECV of the the blood pool, thus con-
firming improved alignment of the images. Computation using non-optimized
Matlab code on a recent desktop PC required between 50 ± 17 s for the data-
driven initialization (7 to 14 images per scan), 61 ± 8 s for one iteration of the
model-based registration and 3–4 s for inter-scan registration. Overall computa-
tion time to obtain two registered T1 maps and a registered ECV map equaled
13.53 ± 2.06min.

5 Discussion

The proposed model-based algorithm with exclusion of low-signal images in the
initialization, shows to be more robust compared to the more naive data-driven
approach. This can be appreciated from Tables 1 and 2 where the global DSC,
which is sensitive to the misregistration of a single image, decreases after naive
registration whereas the MBE, which averages over all images, also decreases.
An example of a low signal image where intensity-based registration will fail
because of the relatively large influence of noise compared to other contrasts, is
the fourth image of Fig. 1. To avoid misregistration, this image was only given
a rigid initialization based on the registration of the adjacent images. It is clear
from Fig. 1b that the model-based registration is subsequently able to correct
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the motion in this image. A second type of low signal images that results in mis-
registration presents a bright blood pool and signal nulling of the myocardium.
Consequently, the myocardium-lung interface disappears and the endocardium
of this image is mapped on the epicardium of the reference image in this region.

Our initial experiments showed the importance of good initialization for
model-based registration. In case of misregistration or large motion, the motion
artefacts of the T1 map are propagated to the model images, which affects the
registration. Alternatively, motion artefacts can be avoided if the initial T1 map
is calculated from few images suitable for intensity-based registration. This how-
ever results in a noisy T1 map again affecting the model images and thus the
registration.

The lack of ground truth is a persistent issue in medical image analysis.
The numeric validation in this paper was derived from manual segmentations,
but large inter-subject variability is clear from the differences between the two
observers in Table 1. Phantom data offers only a limited solution because of the
large complexity and variability of in-vivo data. Indeed, application of the naive
approach on a simple phantom (data not shown) revealed near-pixel accuracy
whereas the in-vivo data clearly shows the limitations of this method.

In future work, we will further validate the performance of our method on
pathological data to assess clinical applicability. Furthermore, our method was
not optimized for computation time. Hence, we expect large possibilities for
improvement here.

6 Conclusion

In this paper, a new registration strategy for the intra- and inter-scan registration
of MOLLI images was presented, which combines a model-based registration app-
roach with a robust T1 initialization obtained by a registration approach based
on the automatic selection of optimal reference image and optimal registration
sequences. Validation using 20 in-vivo data sets showed a significant decrease in
mean boundary error and an increase in global DSC. The impact and clinical
relevance of improved motion correction on regional T1 and ECV quantification
for assessment of myocardial pathology needs to be further investigated.
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Abstract. Changes in cardiac motion dynamics occur as a direct result
of alterations in structure, hemodynamics, and electrical activation.
Abnormal ventricular motion compromises long-term sustainability of
heart function. While motion abnormalities are reasonably well docu-
mented and have been identified for many conditions, the remodelling
process that occurs as a condition progresses is not well understood.
Thanks to the recent development of a method to quantify full ventric-
ular motion (as opposed to 1D abstractions of the motion) with few
comparable parameters, population-based statistical analysis is possible.
A method for describing functional remodelling is proposed by per-
forming statistical cross-sectional analysis of spatio-temporally aligned
subject-specific polyaffine motion parameters. The proposed method
is applied to pathological and control datasets to compare functional
remodelling occurring as a process of disease as opposed to a process of
ageing.

1 Introduction

Cardiac function can be altered under disease states, reducing the long-term
ability of the heart to pump efficiently. While there has been effort dedicated
towards understanding typical functional abnormalities occurring for different
diseases, the functional remodelling processes that occur over time are poorly
understood. A good understanding of functional remodelling is key in optimising
treatment to, for example, predict long-term functional remodelling for decision
making of cardiac implants, or to determine the best timing to intervene for
valve replacement surgery.

1.1 State-of-the-art in Cardiac Motion Tracking

Cardiac motion tracking via non-rigid registration has been used in recent years
to quantify 3D motion of the heart. Quantitative measures of motion can be
used to detect abnormal regions and to provide more detailed measures beyond

c© Springer International Publishing AG 2017
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simple abstractions of function such as volumes or ejection fraction. An overview
of recent methods is given in [1]. Population-based analysis of motion has been
used to quantify changes over time in cardiac function by performing group-
wise analysis of strain derived from tagged magnetic resonance imaging [2] or by
studying spatio-temporally aligned displacements [3]. While informative, these
methods only give a snapshot into the function of the heart and do not provide
insight into how the function remodels over time.

1.2 State-of-the-art in Cardiac Remodelling

Functional changes have been studied by, for example, comparing strain values
before and shortly after myocardial infarction [4], and pre- and post-surgery for
aortic stenosis patients [5]. However, few studies have investigated long-term
functional changes, even for 1D measures of strain [6]. Analysis of changes in
the heart over time is an ongoing area of research, which has traditionally been
addressed using longitudinal patient data. In light of the fact that longitudi-
nal studies require long-term follow-up of the same patients, potentially over
years, the prospect of using the results of such studies to guide therapy planning
remains low. In contrast, cross-sectional analysis of patients within the same
population has the ability to describe long-term changes without the need to
wait years for a patient to age. Long-term cardiac structural remodelling was
analysed by Mansi et al. [7] to study the long-term shape remodelling that occurs
in the right ventricle of Tetralogy of Fallot patients in response to increased load
caused by regurgitated blood from the lungs. This study was performed only on
the end diastolic phase of the cardiac cycle, and is therefore not able to capture
functional remodelling that (most likely) occurs over time in these patients.

1.3 Aim and Paper Organisation

In the present work we propose to analyse long-term remodelling of cardiac
function using a method that is able to represent the full 3D dynamics of the
heart. The proposed method makes use of a recent method to track cardiac
motion by describing motion regionally as affine transformations, and fusing
these to a global smooth transformation [8]. In contrast to previous work, where
the motion was analysed only at a single time point, the present work builds upon
recent effort in cardiac motion tracking and population-based analysis to analyse
changes in motion over time. Here, we are interested in studying motion over two
time scales: the 3D dynamics during the heart beat (motion parameters), and the
remodelling over years (changes in these motion parameters). The contributions
of the present work are:

1. Derivation of a long-term functional model using image registration,
polyaffine projection, and cross-sectional statistical analysis

2. Quantitative analysis of the accuracy of predicting age given motion parame-
ters using leave-one-out numerical validation

3. Qualitative analysis of the accuracy of predicting motion given age by
analysing motion sequences and image-derived parameters
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The remainder of the paper is organised as follows: Sect. 2 summarises the tech-
niques used to track the motion of the left ventricle and project this onto a
polyaffine space, in which the polyaffine motion parameters can be analysed.
Sect. 3 describes the proposed method to perform cross-sectional analysis of the
polyaffine motion parameters. Sect. 4 describes experiments performed to quan-
titatively and qualitatively evaluate the proposed method, and in Sect. 5 the
methods are evaluated, discussed, and future perspectives are given.

2 Background: Polyaffine Motion Tracking

A global (affine) description of motion is not sufficient to characterise the motion
of the heart. On the other hand, voxel-wise descriptors most likely over-represent
the motion when considering that the heart consists of connected tissue which
moves in an elastic manner. Describing the motion at a regional level can provide
a suitable compromise between these two, to sufficiently describe the motion
while representing the motion with as few parameters as possible. Polyaffine
projection allows motion to be described at a regional level while maintaining
a globally smooth transformation by means of weight functions that smooth
the transformation between regions. Moreover, for the purpose of estimating the
remodelling over time, it is important to have a robust yet informative descrip-
tion of the motion. We believe that the Polyaffine transformations provide a
good trade-off.

Polyaffine projection from a dense deformation field was proposed by Seiler
et al. [9] via log-affine matrices Mi described in each region i that are fused to
a global deformation field by v(x) =

∑N
i ωi(x)Mix. ω(x) are weight parameters

in the N regions, describing the weight of the transformation of each region of
a given voxel x written in homogeneous coordinates. As described in [9], the
polyaffine projection can be formulated as a linear least squares problem by
solving ∇CM = 0, where C is described by the following formula:

C(M) =
∫

Π

‖
∑

i

ωi(x) · Mix̃ − v(x) ‖2 dx.

The polyaffine projection technique used in this work was implemented fol-
lowing the method described in [8], which was developed specifically for motion
tracking of the left ventricle of the heart.

3 Methods: Regression of Polyaffine Motion Parameters

The compact parameterisation of motion parameters using the polyaffine for-
mulation described in the previous section enables cross-sectional analysis of
motion. Common methods for cross-sectional analysis include principal com-
ponent analysis (PCA) and partial least squares (PLS). PLS has the advantage
over PCA of computing directly the components most related to the output vari-
able. In both cases, the regression model is performed by computing the motion
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parameters from age since the converse requires prediction of many output para-
meters: motion described by 5916 parameters per subject (12 affine parameters
× 17 regions × 29 time frames), given few input parameters: age described by a
single value (in years). Following the method for computing shape features from
age proposed by Mansi et al. [7], canonical correlation analysis (CCA) can be
used to reverse the relationship in order to obtain a model of motion given age.
The proposed pipeline is summarised in Fig. 1.

Fig. 1. Proposed pipeline from image to motion model. Non-rigid motion tracking is
performed to describe the voxel-wise motion in the heart. This is then projected to
a polyaffine space in order to represent the motion with few parameters, consistently
defined from one subject to another. Finally, cross-sectional analysis is performed on
the motion parameters to formulate a generative model of functional remodelling.

4 Experiments: Polyaffine Motion Parameter Regression

Two types of experiments were performed to validate the proposed method. The
first experiment was a quantitative validation of the accuracy of predicting age
given the motion parameters. While this is not a clinically meaningful validation
(since the age of patients is generally known), it serves as a means to validate the
regression since it is straightforward to compute the accuracy when predicting a
single output value. The second experiment was a qualitative assessment of the
prediction of motion given age, which is difficult to validate quantitatively given
the large number of predicted parameters, but can be analysed qualitatively by
visualising the output to determine if it matches physiological motion dynamics.

4.1 Testing Datasets

The motion parameters used in the experiments were taken directly from the
previous work of [8], which consists of two datasets; a healthy control dataset,
and a pathological group of Tetralogy of Fallot patients. The healthy control
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subjects from the openly available STACOM 2011 cardiac motion tracking chal-
lenge dataset [1] (n = 15, 3 female, mean age ± SD = 28 ± 5) were used since
these have already been used to validate the polyaffine cardiac motion tracking.
The pathological subjects were a dataset of Tetralogy of Fallot patients (n = 10,
5 female, mean age ± SD = 21 ± 7), which were already used to analyse the
polyaffine motion parameters in [10]. The Tetralogy of Fallot cohort forms a suit-
able testing set for this problem since there are known functional changes over
time in these patients in response to poor pulmonary valve function or in the
absence of a pulmonary valve. Furthermore, modelling functional remodelling
in this population complements the previous analysis of shape remodelling per-
formed by Mansi et al. [7]. In both cohorts, only left ventricular motion was
tracked due to the absence of open testing sets to validate bi-ventricle motion
tracking methods. The motion tracking results from these experiments were con-
sistent with those presented in [8].

4.2 Statistical Analysis

Following the techniques described in [7] to predict shape remodelling, par-
tial least squares (PLS) was applied to each vectorised motion array to reduce
the parameter space to a vector of PLS component loadings, from which CCA
between the loading vector (representing motion) and age was computed. CCA
was performed iteratively on the number of components, to find the minimal
number of components required to obtain a statistically significant combination
of PLS components with respect to the dependent variable. Statistical signifi-
cance was computed using the Bartlett-Lawley hypothesis test. Since we were
interested in modelling motion (and not age), the important variable to explain
is Y (vector of Polyaffine motion parameters from M), rather than X (age). PLS
captured more than 90% of the variability in Y with only 2 components for the
ToF group, and 7 components for the control group.

The canonical correlations are plotted for each component from PLS of each
group in Fig. 2. The canonical correlations for PLS are ordered in magnitude by
design since PLS is maximising the variance in Y and covariance in X and Y .

Quantitative Validation of the Prediction of Age Given Motion. The
testing error of predicting age given motion was computed by performing leave-
one-out validation (training on n − 1 subjects, and predicting the age of the
nth subject. In all error computations, the number of CCA components for the
full training set were used. The training error of the Tetralogy of Fallot group
was 0.30 years and the testing error was 5.85 years. For the control group, the
respective training and testing errors were 0.47 years and 6.81 years. For the
ToF group, the yielded errors were below the population standard deviation of
age (6.49). For the control group, however, the testing errors were above the
population standard deviation of 5.0 years.
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Fig. 2. Canonical correlations for PLS for the Tetralogy of Fallot group (left) and
the control group (right). The red line indicates the minimum number of components
needed for each group to obtain statistically significant combinations of the modes.
Fewer components were required in the more heterogeneous pathological group (i.e.
the ToF group) than relatively homogeneous control group. (Color figure online)

Qualitative Analysis of Prediction of Motion Given Age. Quantitative
validation of the motion parameters computed from age would require longitu-
dinal data, which is a challenge to obtain given the long time intervals required
between time points. Furthermore, quantitative validation voxel-wise is challeng-
ing due to the fact that the heart remodels structurally over time in addition
to the functional remodelling. Since there is currently no method to identify
how/where voxels move over time as a result of structural remodelling compared
to those that move as a result of functional remodelling, quantitative validation
of the motion estimation is not possible. Therefore, only qualitative analysis of
motion via visualisation of the motion sequences was performed. Figure 3 shows
the predictive (healthy or pathological) deformation models applied to a single
magnetic resonance image using the motion visualisation method described in
[8], shown here at two phases of the cardiac cycle to compare the remodelling
of motion in the Tetralogy of Fallot group to the control group. As expected,
the control group shows little changes in motion through ageing, since the pop-
ulation is healthy the motion should remain stable over time. In contrast, the
Tetralogy of Fallot group show large differences in motion over time, particularly
in the free wall.

As a preliminary means of quantitative validation, the predicted motion
sequences for the Tetralogy of Fallot group were segmented to obtain the left
ventricular volumes, plotted in Fig. 4. As the curves show, the minimum of the
curves increase with age, which ultimately decreases ejection fraction; a com-
monly used measure of function by cardiologists. Ejection fraction is known to
decrease with age after initial repair in these patients [11].
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Fig. 3. Snapshots of the sequences shown at two phases of the cardiac cycle: frame
10 (top row) and frame 20 (bottom row) of a total of 30 frames for the Tetralogy of
Fallot group (left) and healthy control group (right). Three ages are shown for each
group at −2 standard deviations of the age, the mean age, and +2 standard deviations
of age. Note that the motion in the control group remains stable over the ages, since
very little motion changes occur over normal ageing. In contrast, noticeable changes
in the motion of the Tetralogy of Fallot group are visible, as highlighted by the yellow
arrows. (Color figure online)
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Fig. 4. Segmented volumes computed from sequences predicted from the Tetralogy of
Fallot group model. Ejection fraction (used as a measure of cardiac function) decreased
over time, consistent with clinical findings in this patient group.

5 Discussion and Perspectives

The experiments suggest that the proposed methods are promising for computing
the long-term functional changes in the left ventricle. The computation of age
from motion parameters was more accurate in the Tetralogy of Fallot group than
the healthy control group, which is as expected since the control group consists
of a range of ages in which the motion parameters should be reasonably stable
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(thus making regression challenging). The qualitative validation suggests that
the methods are able to predict feasible motion dynamics from age alone, despite
the small sizes of the datasets. These findings should be, however, confirmed
in a larger population in which longitudinal data is available to quantitatively
validate the prediction of motion from age. Additionally, with larger datasets
the models could be sub-grouped to ensure that the change due to the evolution
is much larger than the cross-sectional variability.

An important limitation of the present work is that no longitudinal data was
used for the regression. As mentioned by Eng et al. [12], cross-sectional analysis
can underestimate size changes over time compared to longitudinal analysis.
Since longitudinal data was not available at the time of this study they were
not used, therefore future studies will focus on a combined longitudinal and
cross-sectional study design.

This work presents only functional changes without consideration of struc-
ture, despite the fact that these are inherently coupled and could be more infor-
mative when used in combination. A very interesting future work will address
coupling shape (for example using the methods in [7]) with function.

In the present work, regression was performed on matricised tensors. How-
ever, the regression could be performed directly on the tensors. Performing
regression directly on the tensor may be an advantage for retaining the structure
of the tensor in the regression, and to reduce the number of parameters required
to describe the generative motion models.

6 Conclusions

In this work we propose a method to analyse motion changes in a population
over time using a non-rigid registration algorithm in conjunction with polyaffine
projection and statistical analysis. The proposed method was validated quanti-
tatively and qualitatively on a control dataset and on a dataset of Tetralogy of
Fallot patients and complements the work of [7] to allow future potential work
on joint shape and motion evolution modelling. This is, to our knowledge, the
first method that is able to predict long-term functional remodelling at a level
that retains the full complexity of motion dynamics.
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Abstract. Small variations in left-ventricular preload due to respiration produce
measurable changes in cardiac function in normal subjects. We show that this
mechanism is altered in patients with reduced ejection fraction (EF), hypertrophy,
or volume-loaded right ventricle (RV). We propose a multi-dimensional retro‐
spective image reconstruction, based on an adaptive, soft classification of data
into respiratory and cardiac phases, to study these effects.

Keywords: Cardiac function · Preload · Respiration

1 Introduction

Free-breathing cine MRI provides novel information on cardiac dynamics, extending
routine cardiac function analysis to patients unable to hold their breath or suffering from
arrhythmia. The recently developed XD-GRASP [1] (eXtra-Dimension-Golden-Angle-
Radial-Sparse-Parallel) reconstruction technique enables the independent analysis of
cardiac and respiratory motion within the same measurement, which can bring new
insights into the normal and abnormal variability of cardiac function.

Breathing induces changes in the intrathoracic pressure, with associated variations
in venous return. This causes small modulations in the interventricular septum position,
including changes of the left ventricle (LV) diameter, reflecting normal preload varia‐
tions in the corresponding cardiac cycles.

In this work, we investigate the relation between cardiac function and normal LV
preload variations induced by respiration, in normal subjects and patients. We applied
the XD-GRASP [1] technique to reconstruct the acquired data in a multi-dimensional
image space composed of the spatial dimensions (X, Y) and two physiological dimen‐
sions (the cardiac and respiratory cycle phases – Fig. 1). Using this data, we tracked the
septum and measured its displacement over the two temporal dimensions to compute
surrogate measures for preload and associated cardiac function response. This was
applied to a small series of normal subjects and patients. We found significantly larger
changes in diameter during the respiratory cycle for normal subjects compared to
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patients. We also found a significant correlation between preload and cardiac function
for normal subjects, which was reduced for patients.

Fig. 1. Multi-dimensional cardiac MRI with two physiological dimensions: cardiac (horizontal)
and respiratory (vertical – arrows show displacement during inspiration and expiration).

In the following section, we describe the image reconstruction approach that enabled
us to evenly sample the respiratory physiological dimension, with a focus on data sorting
and classification. In the remainder of the paper, we present the septum displacement
analysis and its results.

2 Related Work

To reduce motion artifacts due to respiration, routine clinical MRI is typically performed
during breath-hold [2]. However, not only is breath-holding sometimes too physically
demanding for patients, but potentially important information about the influence of the
respiratory cycle is lost. The presence of respiratory-synchronous fluctuations in stroke
volume has been documented [3] and a quantitative assessment of the respiratory-related
motion of the heart followed [4]. For the latter, subjects were imaged at different subjec‐
tive respiratory positions, during several distinct measurements. A recent study found
significant effects of free-breathing, compared to breath-held acquisition, on ventricular
mechanics in patients with Duchenne muscular dystrophy and normal subjects [5].
However, artifacts due to respiratory motion still affected image quality. Common
methods to reduce artifacts during free breathing include using a navigator [6] or respi‐
ratory bellows [7]. Nevertheless, data are conventionally still acquired for only a single
respiratory state.

Recent rapid continuous non-Cartesian MRI techniques allow free-respiratory cine
imaging [8]. However, they are still affected by motion artifacts, and respiratory states
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need to be determined separately in postprocessing. The recent XD-GRASP technique
[1] enables the independent analysis of cardiac and respiratory physiological dimen‐
sions. This is achieved by populating a multi-dimensional image space by reconstruction
from the continuously acquired radial spokes (incremented with the golden-angle
scheme), based on separately determined cardiac and respiratory motion phases. This
allows us to quantify the effect of respiration over different cardiac phases. The presented
approach extends initial work on the analysis of septal motion [9] using adaptive data
sorting, with automatic myocardium segmentation, and is applied to routine clinical data.

3 Methods

We considered 35 subjects: 11 normal (N), 9 with reduced EF (rEF), without left bundle
branch block or infarction, 7 with volume-loaded RV (vlRV), 5 with asymmetric septal
hypertrophy (aHyp), and 3 with diffuse hypertrophy (dHyp). We acquired single-slice
images with the XD-GRASP technique, using a 2D radial golden-angle increment
bSSFP readout with TR/TE = 2.8/1.4 ms, spatial resolution = 2×2 mm2 and 8 mm slice
thickness on a 1.5T MRI scanner (Avanto, Siemens Healthcare, Erlangen, Germany).
Images were acquired in a short-axis mid-ventricle position under free-breathing for an
acquisition time of 23 s. Typically, between 6–9 respiratory cycles are sampled over
around 20 consecutive hearts beats.

3.1 Multi-dimensional Reconstruction

Respiratory and cardiac motion-related time-phase curves were separately extracted
from the image data during post-processing. The acquired data were resorted into 9
cardiac × 9 respiratory states. The 4D dataset shown in Fig. 1 was reconstructed using
a compressed sensing approach which employs sparsity priors along the cardiac and
respiratory dimensions in an iterative reconstruction scheme [1].

Detecting Cardiac and Respiratory Phases
The continuous acquisition scheme allows for reconstruction of various temporal reso‐
lutions retrospectively. First, a low temporal resolution reconstruction R0 is derived
using the KWIC algorithm [10] in a sliding window approach. Although this results in
an overly smooth image series, it mitigates the majority of undersampling artifacts. The
frequency interval H = 0.9–1.7 Hz was used to represent the range of regular heartbeats;
a lower interval R = 0.2–0.4 Hz was used for the respiratory cycles.

To extract cardiac motion, a mask was automatically constructed around the heart
region, detected by first selecting the frequency responses in the heartbeat interval H,
then summing the forward difference, and finally performing automatic thresholding
[11]. The averaged temporal intensity curve over the cardiac mask represents the cardiac
signal (Fig. 2-left). After some temporal filtering, the local maxima represent ED and
local minima ES frames. Cardiac cycles are automatically segmented and corresponding
k-space data are labeled based on their relative position within the cycles.
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Fig. 2. Left – cardiac signal before and after smoothing. End-systole time-points marked (*).
Right – respiratory signal. End-expiration time-points have less variation than end-inspiration.

To extract respiratory motion, R0 is further averaged over the temporal domain to
reduce noise. The 2D image space is partitioned into partly overlapping rectangles of
15 × 15 pixels, over which average temporal frequency variations are computed. The
sub-image block with the highest frequency response in the respiratory interval R, over
the maximum frequency response in the cardiac interval H, represents the respiratory
signal (Fig. 2-right).

The inspiration and expiration motion effects observed over the heart and diaphragm
regions are different [12]. Therefore, it is desirable to distinguish between inspiration
and expiration intervals, by mirroring the latter along the Y axis (Fig. 3-left). In practice,
however, the sub-image block that produces the respiratory signal is usually located
close to the diaphragm, where the presence of bright vessels or fat often causes large
intensity variations, especially in the presence of through-plane motion. This makes it
challenging to automatically distinguish whether local maxima represent end-expiration
(Eexp) or end-inspiration (Einsp) phases by solely analyzing the temporal histogram.
However, considering physiological mechanisms, we observed that, while inspiration

Fig. 3. Left – respiratory signal with mirrored expiration phases. Right – histogram of respiratory
signal with overlaid GMM soft classification. Observe the different class sizes.
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can be varying in depth, Eexp phases are more similar (Fig. 2). Therefore, it can be
derived that the set of local extrema (either minima or maxima) with the smallest
standard deviation likely represents Eexp phases.

Adaptive Data Classification in Multidimensional Space
Based on the cardiac and respiratory motion information, the data was classified into
9 × 9 sets of cardio-respiratory phases. A relatively low number of bins was chosen, due
to the short acquisition time, to account for the high undersampling, especially of the
respiratory dimension. Since the analysis was focused on differences between systole
and diastole, the low number of bins was sufficient.

To normalize cardiac cycle duration, we considered a fixed relative systolic time per
patient, computed as the average duration between the occurrence of a local maximum
of the cardiac signal and the subsequent minimum, and a variable-length diastole.
Isolated arrhythmic cycles can be automatically detected based on their atypical length,
and excluded from the reconstruction. As the acquired data is evenly distributed over
the cardiac dimension, we performed a hard classification of the data into 9 equal bins
corresponding to cardiac phases.

The respiratory time curves (with mirrored expiration phases) show that the data are
not normally distributed, since inspiration and expiration often differ in duration and
dynamics (Fig. 3). Particularly during irregular respiration, only few respiratory phases
may be well-represented. Hard classification into equal bins therefore results in data

Fig. 4. Comparison between reconstructions using a hard classification into equal size respiratory
bins (top), with associated artifacts (arrowheads), and using soft binning with variable bin size
after a GMM classification (bottom) for different cardiac and respiratory phases.
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subsets with heterogeneous motion states and, hence, may cause artifacts in the recon‐
struction (Fig. 4-top). An alternative is to seek an optimal classification into a fixed
number of classes, based on standard clustering approaches, e.g., k-means. However,
with such approaches, classes often contain too few k-space samples to allow a recon‐
struction with acceptable image quality, even using compressed sensing. In our
approach, we propose using a Gaussian mixture model (GMM) [13] which produces a
probabilistic (soft) classification along the respiratory dimension (Fig. 3-right). Data in
similar respiratory phases are grouped together, but class sizes can be very different.
The resulting probabilities are then used to weight the contribution of the data to their
assigned class, and are used as weights in a soft-gated reconstruction scheme, as
presented in [14]. Similarly, more information can be added to classes with few members
in a strictly binary classification sense, by sharing the data from other classes in order
of decreasing probability until a minimum threshold is met.

3.2 Septum Motion Analysis

We analyzed the variation of cardiac function with respiration by measuring the LV
diameter perpendicular to the septum midpoint dc,r over the cardiac (c) and respiratory
(r) phases. To ensure a consistent diameter computation, the myocardium was automat‐
ically segmented using an object-based approach [15], and manually corrected, as
needed. The RV and the interventricular sulci were also automatically detected, to
compute the midpoint of the septum (Fig. 5). The relative change in diameter between
end-systole (dES) and end-diastole (dED) was computed for each respiratory phase, as a
measure of the functional response (a 1D measure of cardiac function) ∇dr = (dED,r–
dES,r)/dED,r.

Fig. 5. Segmented myocardium in a short-axis slice. The interventricular sulci are automatically
detected in a polar coordinates representation and the septum midpoint and corresponding
diameter (d) are computed.
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4 Results and Discussion

The LV diameters dED and dES (Fig. 6-top), and the relative changes in diameter ∇dr
(Fig. 6-bottom) were plotted over the respiratory cycle, for N, rEF, vlRV, aHyp and
dHyp. First, we observe that the relative position of the septum is modulated during
respiration by the normally varying preload, due to changes in intrathoracic pressure.
The LV diameter at end-diastole dED varies most during the respiratory cycle, while the
end-systolic diameter dES remains relatively constant. dED varies significantly with
respiration for N (p < 0.001), providing a measure of LV preload (the blood volume in
the LV at the beginning of the next beat). However, for an already dilated LV, as in the
case of patients with reduced EF, or a thick and stiffer myocardium, different respiratory
phases are associated with smaller changes in diameter, suggesting less variation in LV
preload.

A second observation is that the relative change in LV diameter ∇dr decreases during
inspiration and increases during expiration for N. We found a significant correlation
between ∇dr (a measure of cardiac function) and respiratory phase for N (r = 0.45,
p < 0.001), but a lower correlation for rEF (r = 0.35, p = 0.001) and for vlRV (r = 0.35,
p = 0.002), and the two were not significantly correlated for hypertrophy patients.

Fig. 6. dES,r (red) and dED,r (blue), normalized by dED,r (Top), and ∇dr (Bottom) for the respiratory
cycle from end-expiration (EExp) to end-inspiration (EInsp) and back to EExp For the normal,
reduced EF, asymmetric hypertrophy, diffuse hypertrophy, and volume loaded RV subgroups.
Note the greater variation in the normal subjects. (Color figure online)
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Assuming that though-plane motion is not significant at the mid-ventricular level,
∇drover the respiratory cycle could be interpreted as a measure of the LV functional
response to the different respiratory states. The relative difference in ∇dr between Eexp
and Einsp phases, measuring the cardiac function response to the different respiratory
states, was significantly larger for N compared to the set of all patients (5.8 ± 3.6% vs.
2.5 ± 3.4%, p = 0.035).

Finally, we can plot the functional response ∇dr as a function of preload variation
dED. In Fig. 7, dED is normalized to the average dED over the respiratory cycle. The slope
of the relationship between ∇dr (i.e. between a 1D EF measure) and the corresponding
preload is greater for N, reduced for rEF and vlRV, and almost flat for the hypertrophic
subgroups. This slope could be considered an equivalent to the Frank-Starling relation‐
ship, which is found to be altered for patients with reduced contractility, with a hyper‐
trophic myocardium, or with volume-loaded RV.

Fig. 7. 1D EF measure ∇dr as a function of preload, measured as dED (normalized to the average
dED during the respiratory cycle), for N, rEF, aHyp, vlRV, and dHyp subject groups. The
corresponding 1D regressions are shown.

Our hypothesis is that some patients with preserved EF may show reduced correla‐
tion between ∇dr and dED, presumably due to hypertrophy, while for others this corre‐
lation is partially preserved despite a lower EF, possibly indicating an earlier stage of
disease. This will be further investigated in a larger group of patients. Besides the small
number of subjects, another limitation of our work is the restriction of image acquisition
and analysis to a single mid-ventricular slice, as small variations in the slice position
may affect the measurements. In the future, we plan to perform a 3D analysis of the
septum relative displacement for a full stack of slices. The short acquisition time may
also be a limitation when not enough respiratory cycles are recorded.
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Limitations
Besides the relatively small number of subjects, an important limitation of this study is
the restriction to a single mid-ventricular slice. In this work, we assumed that though-
plane motion has a minimal impact on functional measurements, based on the constant
wall thickness. However, it is possible that for other patients with local septal hyper‐
trophy, though-plane motion may have a significant effect on the results, as a local bulge
in the septum may move in and out of the plane. Furthermore, the relatively short
acquisition time may not offer a sufficient sampling of different respiratory states, espe‐
cially when breathing is not consistent. In the future, we will acquire longer datasets and
also consider different breathing patterns, such as Cheyne–Stokes respiration, which
may have a different impact on cardiac function.

5 Conclusions

Free-breathing cardiac cine MRI provides novel information on cardiac dynamics. We
demonstrated a new method for analyzing the influence of preload on cardiac function
and function reserve, using the normal variation induced by respiration. For this, we
devised a multi-dimensional reconstruction approach, using an adaptive soft classifica‐
tion of data into respiratory phases. The analysis revealed significant differences between
normal subjects and patients with reduced EF and hypertrophy.
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Abstract. The correct acquisition of short axis (SA) cine cardiac MR
image stacks requires the imaging of the full cardiac anatomy between the
apex and the mitral valve plane via multiple 2D slices. While in the clini-
cal practice the SA stacks are usually checked qualitatively to ensure full
heart coverage, visual inspection can become infeasible for large amounts
of imaging data that is routinely acquired, e.g. in population studies such
as the UK Biobank (UKBB). Accordingly, we propose a learning-based
technique for the fully-automated estimation of the heart coverage for SA
image stacks. The technique relies on the identification of cardiac land-
marks (i.e. the apex and the mitral valve sides) on two chamber view long
axis images and on the comparison of the landmarks’ positions to the vol-
ume covered by the SA stack. Landmark detection is performed using a
hybrid random forest approach integrating both regression and structured
classification models. The technique was applied on 3000 cases from the
UKBB and compared to visual assessment. The obtained results (error
rate = 2.3%, sens. = 73%, spec. = 90%) indicate that the proposed tech-
nique is able to correctly detect the vast majority of the cases with insuffi-
cient coverage, suggesting that it could be used as a fully-automated qual-
ity control step for CMR SA image stacks.

Keywords: Quality control · Cardiac MR · Landmark detection · Heart
coverage

1 Introduction

Nowadays, cardiovascular magnetic resonance (CMR) imaging offers a wide vari-
ety of different applications for the anatomical and functional assessment of the
heart. Unfortunately, the success of a CMR acquisition relies on the ability of
the MR operator to correctly tune the acquisition parameters to the subject
being scanned [1]. Moreover, CMR can be affected by a long list of imaging arte-
facts (caused for instance by respiratory and cardiac motion, flow artefacts and
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magnetic field inhomogeneities) [2]. As a consequence, a quality control step is
required to assess the usability of the acquired images. In clinical practice this
step is usually performed by visual inspection.

In recent years, several initiatives for the acquisition of large-scale population
studies have been launched. For example, the UK Biobank (UKBB) study will
collect CMR images from 100,000 subjects using several protocols, including cine
CMR long and short axis views of the ventricles [3]. At the time of submission
the acquisition is ongoing, with more than 10,000 subjects already scanned.
Together with this trend towards the implementation of open access large-scale
multi-centre imaging datasets, the need for fast, automated and reliable quality
control techniques for CMR images has become evident. Due to the very high
throughput demanded from the acquisition pipeline, the visual inspection of the
obtained images would be in most cases infeasible, but also highly subjective.
On the other hand, failure to correctly identify corrupted or unusable images
might affect the results of automated analyses performed on the dataset, with
undesirable effects.

Several research efforts have been dedicated to the automated identification
of quality metrics from MR images. Most of these efforts have focused on the
automated estimation of noise levels [4,5]. However, many aspects related to
the usability of the acquired images are inherently modality-specific. As far as
brain MR imaging is concerned, several automated pipelines for quality control
have been proposed [6]. However, to our knowledge, no comprehensive auto-
mated quality control pipelines have been proposed so far for CMR images. One
crucial aspect of CMR acquisitions, which is essentially not present in brain
imaging, is that most of the applications require the MR operator to manually
or semi-automatically select the imaging planes with respect to specific anatom-
ical landmarks. In particular, the acquisition of the cine short axis (SA) image
stacks relies on the identification of the direction of the left ventricular (LV)
long axis (LA), which is the line going from the apex to the centre of the mitral
valve: the correct planning will generate a SA stack encompassing both those
landmarks with slices perpendicular to the LV LA. If this selection is incorrect,
the acquired SA stack may include an insufficient number of SA slices to fully
cover the LV. As a consequence, any functional analysis performed on the stack
(e.g. ventricular volumes estimation) may be compromised.

There are mainly two possible approaches to address this problem: the first
one involves trying to identify the apical and basal slice from the SA stack [7],
while the second one aims at automatically detecting specific landmarks from the
acquired images. Automatic landmark localization in medical images has been an
active area of research for decades. While the earlier techniques relied on image
registration against annotated atlases [8], most of the recently proposed methods
involve the learning of a model from an annotated dataset [9,10]. These methods
establish an association between image content (together with potential prior
information) and landmark locations, which can then be exploited at testing time
on previously unseen images. In this paper we present a learning-based technique
for the fully-automated estimation of the heart coverage for SA image stacks.
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The proposed technique relies on the identification of cardiac landmarks (i.e. the
apex and the mitral valve sides) from vertical (two chamber view) LA images
(LA 2CH, Fig. 1A), and on the comparison of the landmarks’ coordinates to the
volume covered by the SA stack. Landmark detection is performed using a hybrid
random forest approach integrating both regression and structured classification
models. The technique was applied on a set of 3000 CMR images from the UKBB
study and compared to the visual assessment of the heart coverage.

2 Methods

A decision tree consists in the combination of split and leaf nodes arranged in
a tree-like structure [11]. Decision trees route a sample x ∈ X (in our case an
image patch) by recursively branching left or right at each split node j until a
leaf node k is reached. Each leaf node is associated with a posterior distribution
p(y|x) for the output variable y ∈ Y. Each split node j is associated with a
binary split function h(x,θj) ∈ {0, 1}, defined by the set of parameters θj : if
the outcome is 0 the node sends x to the left, otherwise to the right. In most
cases, h is a decision stump, i.e. a single feature dimension n of x is compared
with a threshold τ : θ = (n, τ) and h(x,θ) = [x(n) < τ ]. A random forest is an
ensemble of T independent decision trees: during testing, given a sample patch
x, the predictions of the different trees are combined into a single output using
an ensemble model. During training, at each node the goal is to find the set of
parameters θj which maximizes a previously defined information gain Ij , whose
construction depends on the task at hand (e.g. classification, regression). Impor-
tantly, different types of nodes (maximizing different information gains) can be
interleaved within a single tree structure. As in previous approaches [12,13], in
the present technique structured classification nodes (aiming at the detection of
the boundaries of an object close to the desired landmarks, in our case the LV
myocardial contours) and regression nodes (aiming at landmark localization) are
combined. In particular, in the proposed framework the landmark localization
is conditioned on the results of the detection of the myocardium, potentially
improving the localization accuracy [12]. The reason behind this result is that
joint training of structured classification and regression nodes requires additional
ground-truth information about myocardial position and shape, which can be
implicitly incorporated in the model. The actual landmark detection will finally
be performed by the creation of Hough vote maps for each landmark.

Structured Classification. Structured classification extends the concept of
classification by using structured labels for Y in lieu of integer labels. In our
case, each label y ∈ Y (associated to the image patch x) consists of a myocar-
dial edge map outlining the endo- and epicardial LV contours within x. To train
a structured classification node it is necessary to find a way to cluster structured
labels at each split node into two subgroups depending on some similarity mea-
sure between them. This can be done in two steps [14]. First, Y is mapped to
an intermediate space Z in which a distance between maps can be computed:
more specifically, each edge map y is associated with a binary vector z encoding
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Fig. 1. Steps of the proposed technique. A. Two chamber view LA image. B. Myocar-
dial edge maps obtained from the structured learning part of the model. C. Hough
Vote maps obtained from the regression part of the model and detected landmarks’
position. D. Heart coverage estimation and visualization of the portion of LV LA not
covered by the SA stack. Note: the Hough Votes map is conditioned on the obtained
edge maps.

whether every pair of pixels belong to a simply-connected region in the map or
not. Then, at each split node the edge maps y are mapped into a binary set of
labels c ∈ C = {0, 1}. More in detail, this second step is achieved by reducing
the dimensionality - randomly sampling K elements from the associated z vec-
tors and then performing PCA on the resulting vectors - and then by applying
binary quantization to the identified principal component [14]. The informa-
tion gain usually defined for standard classification nodes can thus be adopted:
Ij = H(Sj) − ∑

i∈{0,1}(|Si
j |/|Sj |) · H(Si

j), where i is the class identifier, Sj , S0
j

and S1
j are respectively the training set (comprising of samples x and associated

labels y) arriving at node j, leaving the node to the left and leaving the node to
the right, and H(S) is defined as the Shannon entropy [14]. As a consequence,
at each split node similar edge maps will be assigned to the same binary label c.
The learned class posterior distributions for myocardial edge maps (Fig. 1B) are
stored in the leaf nodes and will be used as weighting terms in the generation of
the Hough vote maps.

Regression and Hough Vote Maps. To train regression nodes, it is necessary
to add to each sample patch x an additional label D = (d1,d2, . . . ,dL), where
dl represents for each of the L landmarks the N -dimensional displacement vec-
tor from the patch centre to the landmark location. The information gain for
regression nodes is defined as Ij = log|Λ(Sj)| − ∑

i∈{0,1}(|Si
j |/|Sj |) · log|Λ(Si

j)|,
where |Λ(S)| is the determinant of the full covariance matrix defined by the
N · L landmark displacement vector components [11]. Minimizing this infor-
mation gain encourages the clustering of samples in two groups with similar
landmark displacement vectors. Moreover, by using the full covariance matrix,
the spatial relationships between the different landmarks are taken into account
and implicitly used to train the regression model. The regression information is
stored at each leaf node k using a parametric model following a N ·L-dimensional
multivariate normal distribution with dl

k and Σl
k mean and covariance matrices,
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respectively. At testing time, for each landmark, Hough vote maps are generated
by summing up the regression posterior distributions obtained from each tree for
each patch (minus normalization factors). Following the assumption that pixels
belonging to the myocardial contours are more informative for myocardial land-
mark detection than background ones, the posterior distributions for structured
classification are used for each patch as weighting factor during the generation
of the Hough vote maps [13], effectively restricting voting rights only to pixels
on myocardial contours. Finally, the location of the landmarks are determined
by identifying the pixel with the highest value on each of the L Hough vote maps
(Fig. 1C).

Input Features and Tree Structure. Each patch x is represented by C num-
ber of channels, which are multi-resolution image intensity, histogram of gradi-
ents (HoG) and gradient magnitude. The multi-resolution intensity channels are
constructed with a two-scale Gaussian image pyramid, with the first layer down-
sampled by a factor of 2. Smoothed gradient magnitude and orientation are
computed using oriented Gaussian derivative kernels. Orientation histograms
are computed using soft-binning, where bin weights are determined by the gra-
dient magnitude. Pair-wise differences features are also computed from the single
channels [13]. As far as the alternation of the different types of split nodes is
concerned, during training a structured classification node or a regression node
are randomly selected for each node of the tree with equal probability.

Heart Coverage Estimation. The described hybrid random forest can be used
to identify the apex (l1) and the mitral valve sides (l2 and l3) from a LA 2CH
image. Using the orientation matrix extracted from the DICOM headers of the
acquired SA and LA image stacks, it is possible to define the coordinates of the
three landmarks (identified in the coordinate system of the LA 2CH image) in
the coordinate system of the SA stack itself (l̂1,2,3). Finally, the coverage of the
SA stack is defined as the relative portion of the distance between l̂1 and the
average between l̂2 and l̂3 encompassed by the stack (Fig. 1D).

3 Experiments and Results

Image Acquisition. Training and testing of the proposed technique were car-
ried out on two datasets acquired at different sites. This setting represents a
realistic scenario often found in practice, in which new test data might come
from a different site than the one used to acquire the training dataset. For
training, CMR imaging was performed on 473 healthy subjects using a 1.5T
Philips Achieva system equipped with a 32 element cardiac phased-array coil
(33 mT/m and 160 T/m/s gradient system). 2D cine balanced steady-state free
precession (b-SSFP) LA 2CH images were acquired with in-plane spatial reso-
lution 1.48× 1.48 mm and slice thickness 8 mm. For testing, images from 3000
subjects were randomly extracted from the UKBB study, whose CMR infrastruc-
ture features a 1.5T Siemens MAGNETOM Aera system equipped with a 18
channels anterior body surface coil (45 mT/m and 200 T/m/s gradient system).
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2D cine b-SSFP LA 2CH images were acquired with in-plane spatial resolu-
tion 1.8× 1.8 mm and slice thickness 6 mm. 2D cine b-SSFP SA image stacks
were also acquired with in-plane spatial resolution 1.8× 1.8 mm, slice thickness
8 mm and slice gap 2 mm [3]. On both datasets, only end-diastolic frames were
considered.
Performance Evaluation. The training dataset underwent intensity normal-
ization and data augmentation (4 rotations randomly selected in the ± 30◦

range). Manual annotation was performed to provide LV myocardial segmenta-
tions and landmarks locations. A model was then generated for the proposed
technique with image patch size 64×64 px, labels size (structured classification)
12×12 px, number of trees T = 8, maximum tree depth = 64, total number
of image samples = 8 million, number of samples for Z-undersampling K =
256. To provide references for performance evaluation, the testing dataset was
visually inspected: the coverage was deemed insufficient when the SA stack was
short of at least one slice (in either the basal or apical direction) to provide a
full LV coverage. To assess the accuracy of the landmark detection alone, the
landmarks were also manually identified on a subset of 30 cases. The automated
technique was then applied to the whole testing set (after bias correction using
N4ITK [15], intensity normalization and spatial re-sampling to match the train-
ing set specifications) and the relative coverage value was estimated for each

Fig. 2. Results obtained in 3 different subjects using the proposed technique.
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subject (the results obtained in three cases are qualitatively displayed in Fig. 2).
Time required for landmarks detection and coverage estimation was around 1 s
per subject without resorting to parallel computing. In the subset of 30 man-
ually annotated images, the reference landmarks were compared to the auto-
matically detected ones by measuring the Euclidean distance between the two
sets of points. Similarly, the LA length values were extracted from the auto-
matically detected landmarks and compared to the values computed from the
reference ones. Following the rationale presented for visual inspection and con-
sidering that the SA stacks consisted on average of 10 slices, a coverage value
of less than 90% was considered insufficient. Finally, the results of visual assess-
ment and automated analysis were compared by means of standard statistical
metrics. Of note, when at least one of the three relative distances between the
landmarks was over 2 standard deviations greater or smaller than the respective
mean distance value (

∣
∣|li − lj | − μij

∣
∣ > 2σij , where i,j ∈ {1, 2, 3} and mean μij

and standard deviation σij of the distances between the respective landmarks
were computed on 200 images randomly extracted from the testing dataset), the
automated technique was considered unreliable and the specific case excluded
from the statistical comparison. This mostly allowed the exclusion of LA 2CH
images with too high noise levels, wrong acquisition planning or wrong file nam-
ing among the different sequences of the CMR protocol.

Fig. 3. Error distributions for landmark
localization and LA length estimation.

Table 1. Average errors (in mm) for
landmark localization and LA length
estimation.

Error (mean ± std)

Apex 3.8 ± 2.8

Mitral V. (left side) 3.2 ± 1.8

Mitral V. (right side) 3.8 ± 2.1

LA length 3.6 ± 2.6

The results for landmark detection and LA length estimation accuracy are
reported in Table 1, while the error distributions are shown in in Fig. 3. All
of the average errors are small compared to the reconstructed slice thickness
(10 mm), suggesting the reliability of the proposed approach. Our technique
seems to outperform other published studies in landmark detection from LA
images: for instance, Lu et al. [9] reported an average error in mitral valve
detection of 5.1 ± 6.8 mm, while Mahapatra [10] reported 5.67 ± 5.83 mm. As
far as landmark detection is concerned, the present technique can be considered
an extension of the work of Oktay et al. [13]: importantly, while their technique



80 G. Tarroni et al.

addressed the automated initialization of image segmentation and registration
tasks, in the present approach landmark detection is performed as a preliminary
step for slice coverage estimation. Moreover, we excluded stratification nodes
from the implementation of our forest based on the empirical observation that
the variations in pose and shape of the heart within the LA 2CH images in
our training dataset were not large enough to justify the associated increase in
complexity and computational time.

Table 2. Confusion matrix for the heart coverage assessment. N are cases with a
sufficient coverage, P with an insufficient one.

Proposed technique

P N

Visual P 60 (TP) 46 (FP)

Assessment N 22 (FN) 2783 (TN)

The computed confusion matrix for the 2911 evaluated cases is presented in
Table 2. Some of the metrics that can be extracted include error rate = 2.3%, sen-
sitivity = 73%, specificity = 98%, area under the curve (ROC analysis) = 0.98%.
The interpretation of these results is hindered by the massive class imbalance
between cases with sufficient and insufficient coverage, the latter amounting to
a 2.8% of the total. While this number could lead to question the usefulness of a
slice coverage check, it is important to note that even a small number of wrongly
imaged subjects could adversely affect the results of the subsequent automated
analyses. Moreover, this estimate has been obtained from a small subset of cases
from the UKBB, and might vary considerably in a different subset or a different
dataset. It could be argued that another way to perform the coverage estimation
might be to simply count the number of acquired SA slices: however, while a
very low slice count is undoubtedly sign of insufficient coverage, the slice number
varies according to the heart size, and even a number of slices within the normal
range is not necessarily a reliable indicator of sufficient coverage (e.g. Subject
#3 in Fig. 2). By applying the proposed automated technique, it was possible
to correctly detect the 73% of the cases with insufficient coverage, and to thus
improve the percentage of undetected wrongly imaged subjects from 2.8% to
0.76%. This comes at the price of having to visually check an additional 1.6%
of cases that actually featured a sufficient coverage. Notably, most of the 46 FP
cases actually had a sub-optimal coverage, but not of the amount required to
consider them as wrongly imaged when following the rule adopted during visual
inspection.

4 Conclusion

In this study, a technique for automated heart coverage estimation for SA cine
stacks has been presented and tested on 3000 cases extracted from the UKBB



Learning-Based Heart Coverage Estimation for Short-Axis Cine 81

study. The technique relies on the localization of cardiac landmarks on two
chamber view LA images using a hybrid random forest approach integrating
both regression and structured classification models. The presented results show
its capability in identifying the cases of insufficient heart coverage, allowing
either the execution of a second acquisition or the exclusion of the case from
the dataset. In conclusion, the proposed technique could potentially be adopted
as part of a comprehensive quality control pipeline for CMR images, which is
particularly needed for the analysis of large datasets.
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Abstract. Right ventricle segmentation helps quantify many functional
parameters of the heart and construct anatomical models for intervention
planning. Here we propose a fast and accurate graph cut segmentation
algorithm to extract the right ventricle from cine cardiac MRI sequences.
A shape prior obtained by propagating the right ventricle label from an
average atlas via affine registration is incorporated into the graph energy.
The optimal segmentation obtained from the graph cut is iteratively
refined to produce the final right ventricle blood pool segmentation. We
evaluate our segmentation results against gold-standard expert manual
segmentation of 16 cine MRI datasets available through the MICCAI
2012 Cardiac MR Right Ventricle Segmentation Challenge. Our method
achieved an average Dice Index 0.83, a Jaccard Index 0.75, Mean absolute
distance of 5.50 mm, and a Hausdorff distance of 10.00 mm.

1 Introduction

Magnetic Resonance Imaging (MRI) has been a preferred imaging modality for
non-invasive cardiac diagnosis and planning of cardiac interventions thanks to
its high image quality, good tissue contrast, and lack of exposure to ionizing radi-
ation. MRI is commonly employed in clinical practice for quantifying important
Right Ventricular (RV) parameters such as mass, volume, and ejection fraction,
as well as to generate faithful anatomical models used to plan and provide visu-
alization during minimally invasive interventions. Moreover, since the MR image
acquisition technology has evolved to the extent that it enables the acquisition
of peri-operative (just in time) images of the patient within the interventional
suite moments before the procedure, the need for fast and accurate segmentation
approaches has been increasing.

The complex anatomy of the RV and presence of trabeculations (with similar
gray level as the surrounding myocardium), amplified by indistinct borders and
partial volume effects, make the segmentation of RV a challenging task [1]. RV
segmentation is performed manually in clinical practice, requiring about 15 min
per patient per cardiac phase, and is prone to inter and intra-expert variability
[2]. These limitations suggests a need for fast, accurate, and robust semi- or
fully-automatic RV segmentation algorithms.
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 83–94, 2017.
DOI: 10.1007/978-3-319-59448-4 9
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Various techniques for segmentation of the heart chambers have been pro-
posed in the literature [1], including edge and region-based approaches [3,4],
deformable models [5], active shape and appearance models [6–8], and atlas-
based approaches [9–11]. Many methods are based on a joint segmentation of
both ventricles [5,12–14], such that their geometry information, relative posi-
tion of ventricles, and similar intensity values characteristic to their blood pool
cavities can be exploited.

Of these techniques, multi-atlas based approaches [9–11] have been shown
to produce good segmentation results, nevertheless at the expense of compu-
tationally intensive and time consuming non-rigid image registration and label
fusion steps. On the other hand, combinatorial optimization based graph-cut
techniques [3] were also shown to serve as powerful tools for image segmenta-
tion; these techniques are fast and guarantee convergence within a known factor
of the global minimum for a special class of functions (i.e., regular functions) [15].
In the attempt to further refine these techniques, adding shape constraints to the
graph cut framework has been shown to significantly improve cardiac image seg-
mentation results [6,16,17]. While these techniques were extensively exploited
for left ventricle (LV) segmentation, their use to extract the RV anatomy from
cine cardiac MRI images has been minimal.

Here we describe the integration of atlas shape priors and graph cut tech-
niques to segment the end diastolic RV blood pool from clinical quality cardiac
MR images and evaluate the performance of these segmentation tools using 16
image datasets accompanied by ground truth manual delineations of the RV.

2 Methodology

2.1 Data Preprocessing

This study employed 16 cardiac cine MRI datasets available through the MIC-
CAI 2012 Cardiac MR Right Ventricle Segmentation Challenge (RVSC)1. Expert
manual segmentations of the RV images were provided with the dataset and
served as the gold-standard for evaluating the proposed segmentation technique.

We first select a reference patient volume with good contrast and preferred
LV-RV orientation. The DICOM Image Orientation Patient (IPP) field is used
to rotate the patient volumes about the z-axis to roughly align the LV-RV ori-
entation of each dataset with that of the selected reference patient. We then
find the region of interest (ROI) (in the xy-plane) enclosing the left and right
ventricles using the method described in [18]. To restrict the ROI along the z-
axis, we require a manual input that indicates the start and end slices of the RV
anatomy. The image volumes are then cropped according to the above ROI, and
the intensity range of each slice is normalized prior to the subsequent steps.

2.2 Atlas Generation

We affinely register all cropped 3D volumes to the selected reference patient using
the intensity based Nelder-Meade downhill simplex algorithm [19] available in
1 http://www.litislab.eu/rvsc.

http://www.litislab.eu/rvsc
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Fig. 1. All patient images are affinely registered to the reference patient, and the
obtained optimum transformations are applied to the corresponding ground truth
images. An average intensity image is obtained by averaging the intensities of all trans-
formed patient images, while the averaging of the transformed ground truth images
yields a probabilistic atlas.

SimpleITK. The resulting affine transforms are applied to the respective ground
truths datasets. Averaging the transformed volumes as well as the transformed
ground truths yields an average appearance atlas and a blood pool (BP) proba-
bilistic atlas, respectively Fig. 1.

2.3 RV Blood Pool Segmentation Using Iterative Graph Cuts

To exploit the 3D cardiac geometry information, we use the BP segmentation
of a given slice to initialize the BP ROI in the neighboring slices. As such,
we first segment the mid-slice, followed by its neighboring slices, and proceed
accordingly, until the complete volume is segmented.

Blood Pool Probabilistic Map: The average appearance atlas is registered to
a test volume (Fig. 2a) using intensity based 3D affine registration. The resulting
affine transform is used to transfer the BP probabilistic label to the test data. The
obtained label is normalized (0–1) per slice to generate a BP probabilistic map,
which helps in BP initialization and serves as a shape constraint for subsequent
graph cut segmentation.

Blood Pool Initialization: The probabilistic map is thresholded to obtain
an initial BP ROI (Fig. 2b). All the basal slices (including and above the mid-
slice) are thresholded at a very small value (0.01) to account for the large BP
size, whereas, the threshold is determined automatically, as a mean value for the
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Fig. 2. BP Segmentation procedure: (a) original MR image slice, (b) the initial BP ROI
obtained by thresholding the BP probability map, (c) initial BP segment obtained
by otsu thresholding and cleaning; (d) BP log-likelihood and (e) BG log-likelihood
obtained from intensity distribution model; (f) the graph-cut segmentation result;
(g) final BP segmentation for current iteration obtained after post-processing.

probabilistic map, for the apical slices to restrict the BP size to a smaller region.
Otsu thresholding [20] applied to the obtained BP ROI yields a set of potentially
bright BP segments. A single connected component closest to the center of the
BP ROI is used as initial BP segmentation shown in Fig. 2c.

Intensity Distribution Model: The BP intensity model is obtained by fit-
ting the intensity values within the initial BP segmentation to a Gaussian Mix-
ture Model (GMM) comprising one Gaussian. The remaining intensity values
inside the initial BP ROI are fitted to a two-Gaussian GMM to yield the back-
ground (BG) intensity model. Figure 2d and e show the resulting BP and BG log-
likelihood map, respectively. Although Rician distribution [21] has been found
more appropriate for modeling intensity noise in MR images, signal-to-noise
ratio for our MR data is high, hence, we rely on a simpler model using Gaussian
approximation.

Graph-Cut Segmentation: A four-neighborhood graph is constructed with
each pixel representing a node. Two special terminal nodes representing two
classes — the source blood pool (BP), and the sink background (BG) — are
added to the graph. The segmentation is formulated as an energy minimization
problem over the space of optimal labelings f :

E(f) =
∑

p∈P
Dp(fp) +

∑

{p,q}∈N
Vp,q(fp, fq), (1)

where the first term represents the data energy that reduces the disagreement
between the labeling fp given the observed data at every pixel p ∈ P , and the
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Fig. 3. (a) Probability map and intensity distribution model for current iteration, (b)
BP segmentation obtained from graph cut using (a),(c) updated probability map and
intensity distribution model obtained using (b), (d) new BP segmentation obtained
from graph cut using (c).

second term represents the smoothness energy that forces pixels p and q defined
by a set of interacting pair N (in our case, the neighboring pixels) towards the
same label.

The data energy term encoded as terminal link (t-link) between each node
to source (or sink) is assigned based on the log likelihood computed from the
intensity distribution model:

Dp(fp) = −lnPr(Ip|fp) (2)

where Pr(Ip|fp) is the likelihood of observing the intensity Ip given that pixel
p belongs to class fp. The log-likelihood for BP and BG are shown in (Fig. 2d)
and (Fig. 2e), respectively.

The smoothness energy term is computed over the links between neighboring
nodes (n-links) and is assigned as a weighted sum of intensity similarity between
the pixels and average probability of the pixels belonging to BP based on BP
probabilistic atlas:

Vp,q(fp, fq) =

{
wI ∗ exp

(
− |Ip−Iq|

τ

)
+ wA ∗ exp (−(PA(p) + PA(q))) if fp = fq

0 if fp �= fq

(3)
where, τ is the iteration number, wI and wA are weights for the intensity similar-
ity term and atlas prior term, respectively, and PA(.) is the probability of a pixel
belonging to BP obtained from the atlas. The intensity similarity term changes
during each iteration such that the pixels with higher intensity difference can be
assigned the same label to allow the expansion of BP as the iteration proceeds.
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After defining the graph energy configuration, the minimum cut equivalent
to the maximum flow is identified via the expansion algorithm described in [22].
This approach yields the labeling that minimizes the global energy of the graph
and corresponds to the optimal segmentation. Figure 2f shows the graph-cut
result, which yields the BP segmentation after some post processing Fig. 2g.

Blood Pool Probability Map Refinement: The mean value of the BP prob-
abilistic map is used as a threshold it to obtain the BP region. The signed dis-
tance map corresponding to the extracted BP region is affinely registered to
the signed distance map generated from the boundary of the BP segmentation
obtained from graph-cuts, such that, the sum of squared differences between the
two distance maps is minimized. The optimum affine transform, when applied to
the BP probability map, transforms it according to the latest BP segmentation.

Iterative Refinement: We employed the iterative refinement technique as
described in [23]. The latest BP segmentation obtained from the graph cut is used
to update the intensity distribution model for BP/BG. Very high intensity like-
lihood Pr(Ip|fp) is assigned to the pixels labeled as BP in the current iteration,
such that they don’t change their labels. The refined BP probability map is used
to impose shape constraint into the graph-cut framework in the formof smoothness
energy. An updated BP segmentation is obtained via another graph cut operating
on the new graph energy configuration. This iterative process is repeated until the
dice coefficient between two latest BP segmentations exceed 99%. On average, the

Fig. 4. (a) Final BP segmentation of all slices of a patient dataset (shown in blue)
superimposed with the patient volume (shown in red); (b) Final BP segmentation
assessed against the provided gold-standard manual segmentation; white regions rep-
resent true positives, red regions represent false negatives, and blue regions represent
false positives. (Color figure online)
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process requires about three iterations for convergence, hence the maximum num-
ber of iterations is restricted to 10. The latest segmentation result yields the final
BP segmentation. Figure 3 illustrates the iterative refinement process.

3 Results

Segmentation results for a patient dataset are overlaid onto each slice of the
patient volume and shown in Fig. 4a. Figure 4b shows the visual comparison of
our segmentation result against the provided manual segmentation.

Table 1. Evaluation of our segmentation results against the provided gold-standard
manual segmentation for the basal and apical slices according to Dice Index, Jaccard
Index, Mean Absolute Distance, and Hausdorff Distance

Assessment metric Basal slices Apical slices All slices

Dice index 0.89 ± 0.12 0.62 ± 0.32 0.83 ± 0.22

Jaccard index 0.82 ± 0.15 0.52 ± 0.30 0.75 ± 0.23

Mean absolute distance (mm) 3.73 ± 4.16 11.11 ± 15.05 5.50 ± 8.69

Hausdorff distance (mm) 8.25 ± 7.42 15.57 ± 12.57 10.00 ± 9.40

Fig. 5. Axial, Sagittal, Coronal, and the 3D model (counter-clockwise from top left)
of the segmented RV blood pool overlayed onto the MRI image.
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We evaluated the obtained RV blood pool segmentations against the provided
expert manual segmentations for 16 datasets according to the following metrics:
Dice Metric (DM), Jaccard Metric (JM), Mean Absolute Distance (MAD), and
Hausdorff Distance (HD) [1]. The metrics are summarized in Table 1 for all
slices together, as well as for the apical-slices (last two slices) and remaining
slices separately.

The collated results for RVSC are reported on [1]. Inter-expert variabil-
ity study in [1] shows the variability in DM and HD are 0.90 ± 0.10 and
5.02 ± 2.87 mm, respectively. The best reported mean DM and HD in the col-
lated studies were 0.75 and 11.00 for the fully automatic methods evaluated and
0.805 and 8.26 for the semi-automatic techniques, respectively. As evident from
Table 1, the proposed algorithm performs better than the best fully automatic
method and is comparable to the best semi-automatic method reported in [1].
However, it should be noted that our method was evaluated on the training
dataset (compared against the provided ground truth segmentation) whereas
the collated results were reported for the test dataset. Nevertheless, there is still
a room for improvement to reach the performance equivalent to the inter-expert
variability.

Fig. 6. Shown for three cases: Signed distance error between the segmented RV blood
pool and the corresponding gold standard manual segmentation overlayed onto the 3D
model of the latter.

Axial, Sagittal, Coronal, and the 3D reconstruction of the segmented RV
blood pool overlayed onto the MRI volume is shown in Fig. 5. The signed distance
error computed between the 3D models of the segmented RV blood pool and the
provided expert manual segmentation is overlaid onto the latter and shown for
three different cases in Fig. 6.

We computed the End Diastole (ED) RV blood pool volume for 16 datasets
and compared it against the volume computed from the provided expert man-
ual segmentation as shown in Table 2. Figure 7a shows the correlation between
the RV volume reconstructed from our automated segmentation and the volume
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Table 2. Comparing the end diastole RV blood pool volume estimated by the proposed
algorithm against the ground truth volume for 16 cine MRI images

Assessment metric Ground truth Proposed algorithm Difference

ED Volume (ml) 129.7 ± 38.1 122.0 ± 29.0 7.8 ± 16.6

reconstructed from the manual expert segmentation. As illustrated, a linear cor-
relation (defined by y = 1.2x) exists, where y is the ground truth RV volume
and x is the segmented RV volume in mL, respectively. Moreover, the linear R2

value is 0.83, showing a strong correlation between the automatically segmented
and ground truth RV volume.

The Bland-Altman plot in Fig. 7b shows the difference between the ground
truth and automatically segmented volume for all 16 datasets. Although the esti-
mated volume is linearly correlated to the ground truth volume, our automatic
segmentation algorithm slightly under-estimated the RV volume by 7.8±16.6 mL
on average. Specifically, the volume was under-estimated for 5 of the patients
(1, 5, 10, 11, 14) and over-estimated it for the remaining 11 patients. Lastly,
with the exception of one single dataset (patient 10), who is clearly an outlier as
it exhibited a difference between the automatically segmented and ground truth
volume of more than 3 SDs from the mean (i.e., a z-score larger than 3), all other
cases exhibited a volume difference within 2 SDs from the mean.

The proposed algorithm was implemented in Python and required 76 secs
on average to propagate atlas label and segment RV blood pool from cine MRI
volumes (12 ± 1 axial slices) on a Intel R© Xenon R© 3.60 GHz 32 GB RAM PC,
therefore posing a great potential for peri-operative segmentation of RV without
delaying the procedure workflow. The atlas is precomputed, in 450 s, by co-
registering and averaging the training images.

Fig. 7. (a) Linear regression result for ground truth volume against the volume esti-
mated by the algorithm. The best fit line is y = 1.2x, with r-squared value of 0.83; (b)
Difference between the ground truth volume and volume estimated by the algorithm
plotted for all 16 cases. The mean difference (7.8 ml) along with the 95% confidence
interval (±1.96SD: −24.8 to 40.4 ml) are shown as the dotted lines.
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4 Discussion

We observed that the segmentation results for apical slices with smaller BP
region are consistently worse than that for the basal slices. Although they have
very little impact on volume computation, they could be a limiting factor on
other fields such as studies of the fiber structure. Slice-wise refinement process
might be hurting the performance of our segmentation algorithm due to the mis-
leading cues on apical slices, which suggests a need for special processing of these
slices. An alternative solution for better segmentation of apical slices would be to
perform a complete 3D segmentation, which requires a robust algorithm to align
the cine MRI slices into a complete 3D volume to correct for stair-step artifacts
caused by inherent motion between subsequent slices prior to segmentation.

Since the expert annotated ground truth segmentations of the right ventri-
cle are only available in end diastole and end systole, only two atlases could be
constructed – a diastole and a systole atlas. We have in fact attempted to gen-
erate a systole atlas based on the same techniques used to generate the diastole
atlas, however the apical slices are compromised due to the wrapping of the right
ventricle around the left ventricle, making it difficult to identify the blood pool
from the myocardium in this region and hence compromising the accuracy of the
atlas and its robustness across all datasets.

Nevertheless, a more feasible approach would be to take advantage of the
temporal information and correlation of the subsequent frames in the cardiac
cycle and use the frame-to-frame motion to “animate” the single phase diastolic
right ventricle segmentation extracted using the diastole right ventricle atlas
faithfully generated as described in this paper. The proposed method will follow
the approach described in [24]. Briefly, we will utilize non-rigid image registration
to extract the frame-to-frame motion from the sequence of multi-phase cardiac
images depicting the right ventricle and then apply the non-rigid displacement
field to propagate the segmented right ventricle diastolic surface through the
cardiac cycle.

5 Conclusion and Future Work

We proposed a fast and automatic segmentation method using atlas prior in
the graph cut framework with iterative refinement to segment the RV blood
pool from cardiac cine MRI images. Quantitative results of our blood pool seg-
mentation in the ED phase are better than the fully-automatic methods and
comparable to the semi-automatic methods reported in the challenge.

We plan to segment the RV myocardium and extend the evaluation of our
algorithm to end diastole and end systole phases of all the 48 datasets (16 train-
ing, 32 testing). Furthermore, we will be studying the effect of weighting factor
variability on different terms of graph energy towards final segmentation result
and lastly, we will also be exploring other options to improve the segmentation
results for apical slices.
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Abstract. Hypoplastic left heart syndrome (HLHS) is a single-ventricle congen‐
ital heart disease that is fatal if left unpalliated. In HLHS patients, the tricuspid
valve is the only functioning atrioventricular valve, and its competence is there‐
fore critical. This work demonstrates the first automated strategy for segmenta‐
tion, modeling, and morphometry of the tricuspid valve in transthoracic 3D echo‐
cardiographic (3DE) images of pediatric patients with HLHS. After initial land‐
mark placement, the automated segmentation step uses multi-atlas label fusion
and the modeling approach uses deformable modeling with medial axis repre‐
sentation to produce patient-specific models of the tricuspid valve that can be
comprehensively and quantitatively assessed. In a group of 16 pediatric patients,
valve segmentation and modeling attains an accuracy (mean boundary displace‐
ment) of 0.8 ± 0.2 mm relative to manual tracing and shows consistency in annular
and leaflet measurements. In the future, such image-based tools have the potential
to improve understanding and evaluation of tricuspid valve morphology in HLHS
and guide strategies for patient care.

Keywords: Medial axis representation · Multi-atlas segmentation · Tricuspid
valve · Hypoplastic left heart syndrome · 3D echocardiography

1 Introduction

Hypoplastic left heart syndrome (HLHS) is a congenital heart disease characterized by
underdevelopment of the left heart, including atresia of the mitral and/or aortic valves
and an undersized left ventricle that is incapable of supporting systemic circulation.
Although the condition constitutes 2–3% of all congenital heart disease [1, 2], HLHS,
if left unpalliated, would account for 25–40% of all neonatal cardiac deaths. Palliative
surgical intervention is often performed in three stages culminating in the Fontan
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procedure, which puts systemic and pulmonary circulation in series with a single func‐
tioning right ventricle. At all stages, the tricuspid valve is the only functioning atrio‐
ventricular valve, and the development of tricuspid regurgitation is understandably
associated with morbidity and mortality [3–5]. Accurate assessment of tricuspid valve
morphology in HLHS is therefore essential for determining the mechanism of regurgi‐
tation and potential techniques for surgical repair [6, 7]. Three-dimensional echocar‐
diography (3DE) captures the complex geometry of the valve in real-time and reduces
the subjectivity in image interpretation associated with conventional 2D echocardiog‐
raphy [7–9]. Moreover, 3DE can be used to quantitate morphological abnormalities that
may be predictive of clinical outcome in HLHS patients even before the first stage of
surgical palliation is performed [5]. Despite a potential relationship between valve
morphology and outcome, there is currently no commercial system for semi- or fully
automated 3D modeling of tricuspid valves and, in particular, congenitally abnormal
valves such as those in HLHS. Although manually cropped volume renderings displayed
on the 3DE scanner are valuable for qualitative assessment, they do not automatically
generate optimal visualizations or facilitate automatic valve quantification.

Investigation of tricuspid valve morphology in the HLHS population necessitates
the development of semi- or fully-automated 3DE image segmentation methods. Valve
analysis in this setting, however, presents several challenges relative to valve assessment
in the adult population: pediatric patients are more prone to motion than adults, making
high resolution EKG gated acquisitions difficult; the images must be acquired trans‐
thoracically due to the lack of availability of pediatric transesophageal probes; and there
may be visible structural changes in the images introduced by multiple palliative
surgeries. To overcome these challenges, we present a strategy that integrates robust
image segmentation and shape modeling techniques. Shown in Fig. 1, the tricuspid valve
analysis pipeline begins with identification of landmarks that provide initialization for
subsequent fully automatic steps. With these landmarks, the input target image is
segmented by multi-atlas label fusion (MALF), which uses deformable registration to
warp a set of expert-labeled example 3DE images called “atlases” to the target image,
and it combines the warped atlas segmentations into a consensus voxel-wise label map
of the tricuspid leaflets. Next, in order to make consistent quantitative measurements, a
deformable model of the tricuspid valve is warped to capture the geometry of the valve
in the label map. The combination of label fusion and deformable modeling has a number
of benefits that have been demonstrated in adult mitral and aortic valve applications [10,
11]: it exploits knowledge of tricuspid valve image appearance through the use of expert-
labeled atlases; the deformable template has immutable topology, thereby preventing
extraneous holes or artifacts in the output model; and the valve is represented volumet‐
rically, as a structure with locally varying thickness. The goal of this work is to demon‐
strate the first semi-automated image segmentation and geometric modeling of the
tricuspid valve in 3DE images from pediatric patients with HLHS. Three-dimensional
tricuspid valve models allow interactive 3D visualization and quantitative evaluation of
valve morphology, which could improve understanding of tricuspid valve disease in
HLHS and potentially translate into enhanced surgical repair.
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Fig. 1. Tricuspid valve image analysis pipeline.

2 Materials and Methods

2.1 Image Acquisition and Data Sets

Transthoracic 3DE images of the tricuspid valve were acquired from 16 pediatric
patients with HLHS aged 4 days to 15 years. Fifteen of these patients had previously
undergone the Fontan procedure (stage 3 of surgical palliation). Investigation was
approved by the Institutional Review Board at the Children’s Hospital of Philadelphia.
The images were acquired with the iE33 platform (Philips Medical Systems, Andover,
MA) in full volume or 3D zoom mode using an X7 or X5 probe. For each subject, a 3DE
image of the closed tricuspid valve in mid-systole (the frame midway between valve
opening and closing) was selected for analysis. Systole was chosen since it is the phase
of the cardiac cycle during which atrioventricular valves are closed and resist the pres‐
sure of ventricular contraction. Abnormal annular shape and leaflet profile during systole
has been associated with disease in adult mitral valves [12] and tricuspid valves in HLHS
[5, 7]. The images were anonymized and exported in Cartesian format with an approx‐
imate resolution of 0.7 × 0.7 × 0.5 mm3. Each 3DE image was manually traced to create
an atlas with the three leaflets (anterior, posterior, and septal) assigned a separate label.
In addition, five landmarks were identified in each image for the purpose of initializing
multi-atlas segmentation: the mid-septal (MS) annular point, anteroseptal (AS) commis‐
sure, the anteroposterior (AP) commissure, the posteroseptal (PS) commissure, and the
coaptation point of the three leaflets. Manual tracings of all images were completed by
two observers in the “Segments” module of the 3D Slicer application [13]. The proposed
segmentation framework was evaluated in a leave-one-out manner: each of the 16
images was segmented using the remaining 15 images and their manual segmentations
as atlases for MALF. The resulting segmentations were compared to the manual segmen‐
tations to establish the accuracy of the automated method.

2.2 Multi-atlas Segmentation with Joint Label Fusion

With a set of user-identified landmarks, the first step of fully automated tricuspid valve
image analysis is multi-atlas joint label fusion. Briefly, a collection of atlases (i.e., 3DE
images and labels for the tricuspid leaflets) is registered to a target image, first with a
landmark-guided affine transformation and then diffeomorphic deformable registration.
The candidate segmentations generated by each atlas are combined to create a consensus
label map using the weighted voting method detailed in [14]. Each atlas contributes to
the final consensus label map according to locally varying weights determined by
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intensity similarities between that atlas and the target image. The voting process also
accounts for similarities between atlases to reduce bias attributed to redundancy in the
atlas set.

2.3 Deformable Modeling with Medial Axis Representation

MALF generates a label map of the tricuspid valve in the 3DE image, but it does not
guarantee the correct topology of the segmentation or provide a straightforward means
of computing morphological measurements. To capture the shape of the tricuspid valve
in a manner that preserves leaflet topology and enables automated morphometry,
deformable modeling with medial axis representation is used to describe valve geometry
in the label map generated by label fusion.

Medial axis representation and deformable model fitting. Deformable medial
modeling represents an object’s geometry in terms of its medial axis, which Blum has
defined as a locus of the centers of maximal inscribed balls (MIBs) that lie inside the
object and cannot be made any larger without crossing the object boundary [15]. The
center of each MIB is associated with a radius R, the distance between that point on the
skeleton and the object boundary (Fig. 2). Deformable medial modeling determines the
medial axis of a structure through inverse skeletonization, wherein the medial axis of
the object is first explicitly defined as a continuous parametric manifold
𝐦:Ω → ℝ

3,Ω ∈ ℝ
2 with an associated parametric thickness scalar field R:Ω → ℝ

+. The
boundary of the object is then derived analytically as described in [16]. Given a label
map of an object, a pre-defined template {𝐦, R} is deformed through optimization of a
Bayesian objective function with respect to a set of coefficients that parameterize 𝐦 and
R. The objective function maximizes overlap between the medial template and label
image, while enforcing medial constraints and model smoothness through regularization
penalties described in [10]. The regularization penalties help to ensure smoothness of
the medial edge and prevent leaflet overlap during model deformation. The result is a
fitted, patient-specific medial model of the valve. In this work, the tricuspid valve
template is a single, non-branching medial manifold (Fig. 2b).

Fig. 2. (a) Image of the tricuspid valve with a 2D medial geometry diagram showing the cross-
section of a maximally inscribed ball (MIB) in a leaflet. (b) 3D medial axis diagram of the tricuspid
valve showing the medial surface and the cutaway boundary (left) and the MIBs whose centers
form the medial surface (right). m refers to a point on the medial axis, and R is the radius of the
MIB.
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Template generation. To obtain a deformable medial template of the tricuspid valve,
one of the 16 manual segmentations was selected at random and a triangulated mesh of
the segmentation’s skeleton was created using the procedure described in [11]. To reduce
potential bias associated with a single-subject template, the single-subject template was
fitted to all the subject’s multi-atlas segmentations, and generalized Procrustes analysis
was used to compute a new “average” template. This mean shape, shown in Fig. 2b,
served as the final medial template and was deformed to all subjects’ MALF results to
obtain patient-specific models. While this template generation was not completely
unbiased, creation of the mean template served to reduce bias introduced by individual
valve geometries.

2.4 Tricuspid Valve Morphometry

To demonstrate automated tricuspid valve morphometry, annular and leaflet measure‐
ments were computed from medial models that were deformed to the MALF results and
from models that were deformed directly to the manual segmentations:

• Surface area: sum of triangle areas on the atrial side of the anterior, posterior, or septal
leaflet

• Bending angle: angle between the normal vectors of the anterior and posterior planes.
The anterior plane is defined as the plane that best fits the anterior annular contour
and the septal annular contour between the AS commissure and MS point. The
posterior plane is defined as the plane that best fits the posterior annular contour and
the septal annular contour between the PS commissure and MS point (Fig. 3).

Fig. 3. Schematic of the tricuspid valve (left) and diagram of the annular bending angle meas‐
urement as viewed from the AP to MS (right). (A – anterior, P – posterior, S – septal, L – lateral,
AP – anteroposterior commissure, AS – anteroseptal commissure, PS – posteroseptal commissure,
MS – mid-septum, mid-AA – mid-anterior annulus, SLD – septal-lateral diameter, APD – antero-
posterior diameter)

• Annular area: area enclosed by the projection of the annulus onto the annular best-
fit plane

• Annular circumference: sum of distances between consecutive points on the annulus
• Septal-lateral diameter (SLD): distance between the MS annular point and the AP

commissure, defined as the point on anterior annulus nearest to the posterior annulus
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• Antero-posterior diameter (APD): distance between the mid-anterior annular (mid-
AA) point and the PS commissure, defined as the point on the posterior annulus
nearest to the septal annulus

• Regional annular height: the perpendicular distance from the annulus to the annular
best-fit plane, as a function of rotation angle about the annulus

• Global annular height: difference between the maximum and minimum annular
height

In addition to annular bending angle, regional annular height was computed as a
function of rotation angle around the valve, beginning at the junction of the anterior and
septal leaflets. Regional annular height has been shown to be a meaningful descriptor
of adult mitral and tricuspid valve geometry [12, 17] and is complementary to annular
bending angle in quantifying annular curvature.

3 Results

Examples of manual segmentations, MALF results, and model fittings are shown in
Fig. 4 for three pediatric patients with HLHS. The symmetric mean boundary error
(MBE) between the manual segmentations and the deformable medial model fitted to
the multi-atlas segmentation results was 0.8 ± 0.2 mm. For reference, the MBE between
the manual segmentations and the deformable models fitted directly to the manual
segmentations was 0.3 ± 0.1 mm, and the MBE between the manual and multi-atlas
segmentations without model fitting was 0.7 ± 0.2 mm. Table 1 lists and compares
morphological measurements derived from medial models fitted to the multi-atlas
segmentation results and directly to the manual segmentations. Results of a paired
Student’s t-test and the intraclass correlation coefficient (ICC) are given.

Fig. 4. Tricuspid valve segmentation results for three patients. The medial surface is shown with
the radius function in color (rightmost column).
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Table 1. Measurements derived from the deformable models fitted to the multi-atlas (automated)
and manual segmentations. The p-value, bias, and intraclass correlation (ICC) relate to the
comparison of automated and manual measurements, and rBSA is the Pearson correlation between
the percent error in the automated measurement and the patient’s BSA.

Measurement Automated
segmentation

Manual
segmentation

p-value Bias ICC rBSA

Atrial anterior
leaflet surface
area (mm2)

407.6 ± 129.2 436.5 ± 159.6 0.577 −28.9 0.75 −0.27

Atrial posterior
leaflet surface
area (mm2)

259.8 ± 102.1 325.7 ± 155.5 0.167 −65.9 0.67 −0.12

Atrial septal
leaflet surface
area (mm2)

210.0 ± 88.3 290.5 ± 114.0 0.033 −80.5 0.52 −0.17

Bending angle
(degrees)

165.3 ± 10.4 168.1 ± 8.13 0.401 −2.8 0.78 −0.05

Annular area
(mm2)

716.2 ± 245.6 819.1 ± 294.1 0.292 −102.8 0.84 0.00

Annular
circumference
(mm)

96.4 ± 17.1 102.4 ± 19.9 0.369 −6.0 0.86 −0.08

Septal-lateral
diameter (mm)

30.2 ± 5.7 32.3 ± 7.1 0.359 −2.1 0.89 −0.43

Anterior-
posterior
diameter (mm)

29.5 ± 5.8 30.8 ± 6.6 0.567 −1.3 0.88 −0.06

Global annular
height (mm)

3.7 ± 1.5 3.4 ± 1.3 0.613 0.3 0.69 −0.12

To assess segmentation and measurement accuracy relative to valve size, MBE and
percent error in the measurements in Table 1 were evaluated in terms of body surface
area (BSA), which has a known relationship with valve size: valve diameter scales line‐
arly with BSA1/2 and valve area scales linearly with BSA [18]. In Fig. 5, MBE is plotted
as a function of BSA1/2, showing no significant linear relationship (Pearson correlation
r = 0.21, p = 0.4). The percent error in linear measurements such as antero-lateral
diameter was evaluated as a function of BSA1/2, and the percent error in area measure‐
ments such as leaflet surface area was evaluated as a function of BSA. No statistically
significant linear relationship between measurement accuracy and BSA1/2 or BSA was
observed (Table 1, Pearson correlation |r| < 0.43, p > 0.1).

In Fig. 6, regional annular height is plotted as a function of rotational angle about
the annulus. Here, regional annular height is shown for each individual subject (black
curves), and the mean regional annular height for the population is shown in red.
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Fig. 6. Annular height as a function of rotation angle around the annulus. Black curves
correspond to individual patients, and red is the mean regional height. (AP – anteroposterior
commissure, PS – posteroseptal commissure, AS – anteroseptal commissure at 0°) (Color
figure online)

4 Discussion

The basic three-dimensional structure of the tricuspid valve in HLHS has been shown
to be associated with valve competence and with patient survival [5, 7]. The ability to
rapidly, automatically, and comprehensively characterize tricuspid valve morphology
from readily available transthoracic 3DE is critical to further understanding of valve
dysfunction and translation to clinical application. This study is the first to demonstrate
a semi-automated method for image segmentation, geometric modeling, and morph‐
ometry of the tricuspid valve in patients with HLHS. Further, this work demonstrates
preliminary evidence that the adaptation and evolution of image processing algorithms
that have effectively modeled mitral valves in transesophageal 3DE in the adult popu‐
lation are applicable to transthoracic images in congenital heart disease.

Fig. 5. Mean boundary error as a function of the square root of body surface area (BSA).
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Accuracy of automatic segmentation and quantification is essential to reliable valve
modeling. MBE between the manual segmentation and the medial models fitted to the
results of multi-atlas segmentation (0.8 ± 0.2 mm) was on the order of 1–2 voxels. The
advantage of a medial representation over multi-atlas segmentation alone is that deform‐
able modeling enables consistent morphometry in a patient population. Medial axis
representation, in particular, distinguishes the atrial and ventricular surfaces of the leaf‐
lets and facilitates measurements such as locally varying thickness (derived from the
parameter R). The manual versus semi-automatic segmentation comparison in this study
is on par with studies of mitral and aortic valve segmentation in adult transesophageal
3DE images, wherein MBEs of 1.54 ± 1.17 mm [19], 0.59 ± 0.49 mm [20], and
0.6 ± 0.2 mm [10] have been reported. In this study, no linear relationship was observed
between segmentation accuracy and BSA1/2 (Fig. 5), suggesting that the segmentation
algorithm is applicable to tricuspid valves of a wide size range (53–128 mm in circum‐
ference) in the HLHS population. Since the majority of the subjects in this study had a
BSA lower than 0.6 M2, a larger cohort of patients ranging from neonates to adults will
need to be assessed in the future to evaluate broad applicability.

In addition to image segmentation, this work demonstrates an evolving tool for
evaluation of tricuspid valve morphology in HLHS (Table 1, Figs. 5 and 6). When
comparing measurements derived from deformable models fitted to the manual and
multi-atlas segmentations, no significant difference (p < 0.05) was observed except for
measurement of septal leaflet surface area. Except for this measurement, the intraclass
correlations between manual and automatically derived measurements were good to
excellent (Table 1). Illustrating individual and mean regional annular height, Fig. 6
demonstrates the ability to characterize localized tricuspid annular geometry from
medial models. When compared to normal adult mitral annuli, which have an average
height of 7 ± 2 mm and are characterized by a distinctive saddle shape [12], both the
individual and average regional annular height contours of the HLHS patients in Fig. 6
suggest that the tricuspid annulus is relatively flat at mid-systole, but exhibits substantial
variability between patients. As a measure of annular flatness, bending angle in prestage
1 palliation has been associated with tricuspid valve failure at medium-term follow-up
of HLHS [5]. The bending angles computed in this study (Table 1) are comparable to
those reported in the literature for HLHS patients [7].

While this study is a proof of concept of segmentation and modeling of the tricuspid
valve in pediatric transthoracic 3DE, future work will focus on expanding atlases and
application across a large age range, making these tools fully automated, and extending
the current leaflet quantification metrics. Segmentation at multiple frames in the cardiac
cycle, as well as evaluation of intra- and inter-observer variability in automated valve
analysis, are important extensions of this work. Future application of this evolving
methodology to larger HLHS populations may facilitate valvular shape characterization,
associate morphological metrics with clinical outcomes, and eventually translate into
clinical decision making.
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Abstract. Localization of infarcted regions is essential to determine the
most appropriate treatment for patients with cardiac ischemia. Myocar-
dial strain partially reflects the location of infarcted regions, which
demonstrated potential use in clinical practice. However, strain pat-
terns are complex and simple thresholding is not sufficient to locate
the infarcts. Besides, many strain-based parameters exist and their sen-
sitivities to myocardial infarcts have not been directly investigated.
In our study, we propose to evaluate nine strain-based parameters to
locate infarcted regions. For this purpose, we designed a large database
(n= 200) of synthetic pathological finite-element heart models from 5
real healthy left ventricle geometries. The infarcts were incorporated
with random location, shape and degree of severity. In addition, we used
a state-of-the-art learning algorithm to link deformation patterns and
infarct location. Based on our evaluation, we propose to sort the strain-
based parameters into three groups according to their performances in
locating infarcts.

Keywords: Finite-element model · Myocardial infarct · Myocardial
strain · Infarct diagnosis · Machine learning

1 Introduction

The clinical value of determining myocardial viability to help the physicians
decide on the best treatment for patients with cardiac ischemia has been estab-
lished [5]. Late Gadolinium Enhancement - an MR imaging method - is gener-
ally accepted as the gold standard to assess myocardial viability and therefore
to locate myocardial infarcts. However, it requires contrast injection, is costly
and not available for all patients. Myocardial strains - extracted from cardiac
MR [14] or echocardiography [3] - have also been used to identify dysfunctional
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regions of the heart [1]. However, due to the complex strain patterns, simple
thresholding is not sufficient and further processing is required [12]. Learning-
based algorithms have been investigated for better detecting [9] and locating
[2,4] infarcts from strain data. These methods are promising and can be gener-
alized to different modalities and subjects, in addition to showing high accuracy
of infarct detection.

Several strain-based parameters have been investigated for infarct localiza-
tion. However, many more exist and their potential has not been evaluated.
In our study, we propose to evaluate the following nine strain-based parame-
ters; principal strain, effective strain, fractional anisotropy [13], three local direc-
tional strains (radial, circumferential, longitudinal), and three stretch-dependent
invariants (in fiber, cross-fiber, and sheet-normal directions). They were assessed
in terms of their localization performance (sensitivity and specificity) given a
learning algorithm to locate the infarcts. The algorithm uses a regression to find
the transfer function between the tested parameters and the infarct location
[4]. To do so, we designed a large database of synthetically-generated patholog-
ical cases that incorporates infarcts with different locations, shapes, sizes, and
degrees of severity. Notably, we demonstrated that by properly designing and
exploiting a large and sufficiently varied database of pathological cases, we were
able to really push the limits of each strain parameter used in the detection
algorithm and to better estimate their localization performances.

2 Materials and Methods

Five LV meshes (3552 hexahedral elements) from healthy volunteers were
obtained from an open access source [6]. A finite-element model of each healthy
LV in the diastolic (filling) phase was simulated. Afterwards, 40 pathological
cases were generated based on each LV geometry - resulting in 200 patholog-
ical cases - and the nine strain-based parameters were computed. Finally, the
learning algorithm was applied to evaluate the localization performance of each
parameter.

2.1 Database of Pathological Cases

Simulation of Healthy Cases. The diastolic simulation for the healthy LV
model follows the principles detailed in [6,11]. Rule-based fiber orientation was
incorporated into the LV geometry by first defining a pseudoprolate spheroidal
coordinate system that consists of radial (orthogonal to the LV surface), circum-
ferential and longitudinal (tangential to the LV surface) directions. Subsequently,
an orthogonal fiber coordinate system was defined, which is comprised of fiber,
sheet and sheet-normal directions. The fibers are oriented with an elevation angle
distribution of −60◦ to +60◦ from the epicardium to the endocardium [7].

The constitutive law was the transversely isotropic Fung-type law [6] (Eq. 1).
The strain energy density function is divided into two parts; the isochoric term,
which is based on the Green-Lagrange strain tensor E, and the volumetric term:
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W =

Isochoric term
︷ ︸︸ ︷

C

2
(eQ − 1) +

Volumetric term
︷ ︸︸ ︷

1
D

(
J2 − 1

2
− ln J)

Q = bfE
2
ff + btE

2
ss + btE

2
nn + bt(E2

sn + E2
ns) + bfs(E2

fs + E2
sf + E2

fn + E2
nf )

︸ ︷︷ ︸

Exponential terms of the isochoric part; E : Green-Lagrange strain tensor

(1)
where C, bf ,bt and bfs are the material parameters to be personalized for each
subject; J is the determinant of the deformation gradient tensor F; whereas D
was set to 0.001 to enforce quasi-incompressibility. The subscripts f , s and n
denote the fiber, sheet and sheet-normal directions, respectively. Active tension
was not taken into account as we only simulated the diastolic phase in this study.
The models were solved using the finite-element software ABAQUS1, and the
constitutive law was implemented in ABAQUS user material subroutine UMAT.

The material parameters were personalized for each subject based on the
end-diastolic pressure-volume relationships described in [8]. The beginning- and
end-diastolic volumes of each subject were known; the corresponding pressures
were set to 0 and 9 mmHg, respectively.

Simulation of Pathological Cases. Forty synthetically-generated cases were
generated from each of the 5 healthy LV models, resulting in 200 cases. Infarct
regions were incorporated through a binary value at each mesh element. These
regions were defined as follows: first, the intra-ventricular junction and apex
of each LV were manually selected from the MR images, which enabled us to
define the left anterior descending (LAD) coronary artery territory on each LV.
The infarcts had truncated ellipsoidal or spheroidal shapes with arbitrary sizes
ranging from 0.5–99.7 ml, whose center points were constrained to be on the
endocardial surface and within the LAD territory. This territory was chosen due
to its high prevalence [10]. The material properties of the infarct were set to
be stiffer compared to the healthy ones, and they were assigned in a uniformly-
distributed manner by changing the material parameter C (Eq. 1) from 1 up to
2.50 times of the personalized healthy values. The resulting infarcts have an
average myocardial mass of 22.9±21.3 g and an average volume of 21.6±20.1 ml,
corresponding to 15.6 ± 13.2% of the myocardium total volume.

2.2 Strain-Based Parameters

Nine strain-based parameters were evaluated in this study (Table 1). Starting
from the deformation gradient tensor F extracted from ABAQUS simulations,
the right Cauchy stretch tensor C and the Green-Lagrange strain tensor E were
calculated: C = FT .F; E = 1

2 (C− I ); where I is the identity tensor.

1 http://www.3ds.com/products-services/simulia/products/abaqus/.

http://www.3ds.com/products-services/simulia/products/abaqus/
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Table 1. Strain-based parameters evaluated in this study

Parameters Formulae/Comments

Radial strain With respect to pseudoprolate coordinate system

Circ. strain

Long. strain

Fiber invariant f0.(Cf0) f0: fiber direction

Cross-fiber invariant s0.(Cs0) s0: cross-fiber direction

Sheet-normal invariant n0.(Cn0) n0: sheet-normal direction

Principal strain The max positive Eigenvalue of E

Effective strain
√
√
√
√
√

2

9
[(Exx − Eyy)2 + (Eyy − Ezz)

2 + (Exx − Ezz)
2

+ 6(E2
xy + E2

yz + E2
xz)]

Fractional anisotropy
√

3
2

(λ1−λ)2+(λ2−λ)2+(λ3−λ)2

λ2
1+λ2

2+λ2
3

λ = (λ1 + λ2 + λ3)/3

λ1, λ2, λ3: Eigenvalues of E

2.3 Infarct Localization

Data Alignment. Due to the use of different geometries, the strain parame-
ters were not directly comparable and spatial correspondence should be obtained.
Thus, normalized local coordinates were computed on each geometry correspond-
ing to the pseudoprolate coordinate system explained in Sect. 2.1. Then, a refer-
ence geometry was computed by Procrustes analysis with similarity transforma-
tion. Local coordinates were also computed for this reference geometry. Finally,
local data (the strain parameters and the infarct binary labels) were transported
to the reference geometry using the correspondence of the local coordinates. The
data transportation involved interpolation, addressed by ridge regression with
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Fig. 1. Left: The five LV and the calculated reference. Right: The local normalized
pseudoprolate coordinates (radial, circumferential, longitudinal) and the average align-
ment error due to the interpolation of the local coordinates onto the reference.
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a Gaussian kernel, with a balanced weight between similarity and regulariza-
tion terms. The interpolation resulted in negligible errors. The whole process is
summarized in Fig. 1.

Regression. The aligned strain parameters and infarct location were treated
as column vectors of length equal to the number of elements for the reference
mesh. The link between each strain parameters and infarct location was learned
via kernel ridge regression, inspired by the algorithm described in [4]. Direct
regression was preferred over going through an intermediate space of reduced
dimensionality, whose purpose is mainly for uncertainty modeling without sub-
stantially affecting the localization performance.

Each healthy LV geometry was used to generate 40 out of the total 200 patho-
logical cases, which in turn might present some biases in the detection algorithm
due to a substantial amount of relatively similar cases, thereby limiting the differ-
ence in deformation patterns and in the distribution of the evaluated parameters.
To avoid this bias when a case was investigated, all other cases derived from the
same geometry were not included in the training set. The training set was ran-
domly constructed from the remaining cases with a certain percentage, which
was in the range of 5–40% of the total population. The localization performance
of each parameter was then tested against the size of the training set. The limit
of 40% was set since it was observed that the algorithm was able to accurately
detect the infarcts with this percentage of population as the training set.

The regression output consisted of a non-binary scalar value at each mesh
element due to the linear combination of infarct locations. A binary localization
of the infarct was obtained after thresholding this output by an appropriate
value, as inspired by the two-step process described in [4]: (1) ROC analysis
was first performed for each case to obtain a set of best individual thresholds.
However, this analysis relies on the ground truth infarct location for each case,
which is unrealistic in real-world clinical application, thus (2) the same optimal
threshold was applied to all cases, whose values were chosen as the median of the
set of the best individual thresholds. Thus, we ended up with a single consensual
threshold, which is used in the rest of this paper.

3 Results

Figure 2 depicts the infarct localization for pathological cases based on principal
strain and sheet-normal invariant, which were observed as one of the best and
worst parameters, respectively. The degree of severity of the infarct was based
on how much stiffer it was in comparison to the healthy ones, with respect to
the value of the material parameter C. The principal strain is able to localize
the infarcts substantially better than the sheet-normal invariant. The infarct
localization performance was evaluated in terms of sensitivity and specificity
after thresholding the regression output by the consensual value as explained in
Sect. 2.3. The results were summarized in terms of the distance to the ideal
localization performance, namely a sensitivity and a specificity equal to 1.
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Figure 3 summarizes the performance of the nine strain-based parameters, with
the color bar depicting the distance to an ideal localization. The horizontal axis
represents a combination of the degree of severity and the size of the infarct
normalized from 0 to 1, where 0 signifies smaller infarcts and/or infarcts with

Principal strain Sheet-normal invariant

0
0.

95
% %

Pattern PredictionGround truth Pattern Prediction
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Geometry #1
Mild infarct

1.27 C

Geometry #1
Severe infarct
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Geometry #2
Severe infarct

1.88 C

Fig. 2. Infarct localization for some pathological cases based on principal strain and
sheet-normal invariant; amongst the best and the worst parameters, respectively.
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Fig. 3. Performance of the strain-based parameters (median over the tested cases). The
color bar depicts the distance to an ideal localization. Horizontal axis: a normalized
combination of the degree of severity and the size of the infarct. Vertical axis: the
percentage of the population used as the training set. The histogram shows the number
of cases that correspond to the infarct size-severity measure on the horizontal axis.
(Color figure online)
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closer material properties to the healthy ones; whereas the vertical axis repre-
sents the percentage of the population included in the training set. Lower values
on the color bar signify better accuracy. In addition, the histogram presents the
distribution of the number of pathological cases that correspond to each infarct
size-severity bin on the horizontal axis. As expected, the localization performance
of all parameters increases with bigger and more severe infarcts, as well as with
the size of the training set. Based on this, the performance of the evaluated para-
meters can be divided into three groups. The best group consists of principal
strain, effective strain, and fractional anisotropy. The second-best group consists
of cross-fiber invariant and radial strain; whereas the last group consists of fiber
and sheet-normal invariant, circumferential and longitudinal strain.

4 Discussions

Our study details a novel strategy for evaluating different strain-based para-
meters for infarct diagnosis. We combined finite-element modeling to generate
a large synthetic database of pathological hearts based on healthy volunteers’
data and a state-of-the-art learning algorithm to localize myocardial infarct.
Nine strain-based parameters, several of which have yet to be investigated for
infarct localization, were evaluated. The large database allowed us to push the
algorithm to its limit and thoroughly evaluate the localization performance of
each parameter.

The differences between the evaluated parameters were subtle, but we could
identify them into three groups. The best group includes the principal strain,
effective strain, and fractional anisotropy. Their performances were very similar.
The second group shows slightly inferior, yet still good performance. It notably
comprises the radial strain, which is readily available in clinical setting. It is inter-
esting that the best parameters are those that are direction-independent, which
was somewhat expected as they may be able to better highlight and extract the
general distribution of myocardial deformation. However, the invariant in the
fiber direction performed worse than the radial strain and the invariant in cross-
fiber direction. The reason for this might be due to the boundary conditions
applied for the diastolic-filling simulation, which forced the elements to deform
radially as the volume of the cavity increases and the incompressibility of the
element is enforced. This should be investigated further. In addition, the com-
bination between parameters were not investigated and are also left for future
work.

Our synthetic database was derived only from five LV geometries. Although
these geometries come from MRI examinations of healthy volunteers - thereby
ensuring that the personalized healthy material parameters are physiological -
it is of interest in the future to be able to generate a database with larger
variability in terms of geometries and subsequently deformation patterns. It is
also well known that geometrical alterations of the LV might occur in chronic
ischemic patients, i.e. the thickening and thinning of ventricular wall around the
remote and infarcted myocardium, respectively. Since our database was derived
from healthy volunteers, this effect was not taken into account.
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It is certainly essential to evaluate the infarct detection performance of the
strain-based parameters on real clinical data of ischemic patients. However, the
complexity in acquiring and processing strain data from images with clinical
routine quality is still very challenging. Thus, investigation on clinical data is
reserved for future studies. Additionally, the exclusion of clinical data allowed
us to evaluate the strain-based parameters on a fully-controlled setting. Our
study was also limited by the regression approach used for the learning, which
relies on a global distance between deformation patterns and linearly combines
the infarct candidates. Although the learning algorithm was simply used in our
study as a state-of-the-art infarct detection tool to test the performance of the
strain-based parameters, further work using different regression approaches or
learning algorithms needs to be explored.

5 Conclusions

We have proposed a thorough evaluation of various strain-based parameters
in locating myocardial infarct. We took advantage of finite-element modeling
to generate a large database of pathological hearts and test the limits of a
given localization algorithm against a variety of infarct configurations. Although
the strain-based parameters only showed slightly different performance towards
locating infarcts, we were able to divide them into three groups, which we showed
to be coherent with physiological interpretations.
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Abstract. Biomechanical surgery simulation can provide surgeons with
useful ancillary information for intervention planning, diagnosis and ther-
apy. The simulation therefore most importantly needs to be patient-
specific, surgical knowledge-based and comprehensive in terms of the
underlying simulation model and the patient’s data. Moreover, the sim-
ulation setup and execution should be largely automated and integrated
into the surgical treatment workflow. However, this still rarely holds and
simulation-based surgery support is not yet commonly established in the
clinic. In this work, we address this problem in the context of cardiac
surgery, and present the setup and results of a prototypic cognition-
guided, patient-specific FEM-based cardiac surgery simulation system.
We have designed a semantic data infrastructure and implemented cog-
nitive software components that autonomously interact with the medical
data via a common ontology. Using this setup, we anable the creation of
knowledge-based, patient-specific surgery simulation scenarios for mitral
valve reconstruction surgery, that are executed by means of the FEM
simulation software HiFlow3. The obtained simulation results are pro-
vided to the surgeon in order to support surgical decision making.

Keywords: Cognition-guidance · Surgical information processing ·
FEM surgery simulation · Biomechanical modeling and simulation
workflow · Cardiac surgery · Mitral valve reconstruction

1 Introduction

For a successful surgical operation, surgeons are required to take into account
an enormous number of different, patient-individual impact factors. Moreover,
in addition to the available medical patient data, they have to make use of
their experience and surgical expert knowledge in order to then define a patient-
specifically suitable holistic surgical treatment strategy and to properly conduct
surgery. This poses a large potential for computer assistance in surgery: Big clini-
cal data bases have risen recently, and semantic technologies as well as intelligent
information processing algorithms have paved the way for a more comprehensive,
holistic, patient-individual surgical treatment planning [3]. These advances have,
however, not yet been exploited in the context of FEM-based surgery simulation,
c© Springer International Publishing AG 2017
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even though they seem very promising for solving some of the most prominent
issues that have so far prevented surgery simulation tools from commonly being
employed in the operation room (OR) [12]. Surgery simulation can give sur-
geons the opportunity not only to plan but to simulate, too, some steps of an
intervention and to forecast relevant or potentially critical surgical situations.
Yet, they are only helpful if they integrate surgical knowledge and work on the
respective patient’s medical data. Moreover, in order for an easy usage and for
their in-OR-applicability they need to be largely automated and integrated into
surgical treatment workflows [12].

In this work, we particularly look at minimally-invasive mitral valve recon-
struction (MVR) surgery by means of annuloplasty, which is to re-establish the
functionality of an incompetent mitral valve (MV) in the heart through implan-
tation of an artificial ring prosthesis [4]. We aim at supporting MVR by provid-
ing surgeons with a set of patient-individual biomechanical FEM-based MVR
surgery simulation scenarios that may be appropriate for the treatment of the
respective patient’s disease. These surgery simulation scenarios are to enable the
surgeons before the actual operation to virtually assess the simulated behavior
of the MV after the implantation of a specific ring prosthesis, i.e., after MVR.
With this, we aim at supporting the actual ring selection process. However, as
indicated above, such surgery simulations are really beneficial to surgeons only
if they are patient-specific, surgical expert knowledge-based, and if their setup
and execution is automated and integrated into the surgical treatment workflow.

There are many research groups that deal with numerical simulation for car-
diac surgery assistance and for MVR support. We point out the pioneering work
of Mansi et al. [11], who first presented an integrated framework for the FE-based
modeling of the MV biomechanics in the context of mitral clip intervention plan-
ning. Further, we refer to three summarizing reviews to provide an overview: In
2013, Votta et al. [22] summarize topical works towards patient-specific cardiac
valve simulations. Chandran and Kim [5] report in 2014 on FEM- and FSI-based
computational MV evaluation and potential clinical applications. Early in 2016,
Morgan et al. [12] conclude with a discussion of the evolution of FEM-based mod-
eling and simulation of MVR in particular. They argue that currently available
automated processes to generate FE models from tomographic images and to
thereon-based run the respective simulation scenarios are often incomplete and
prohibitively expensive. Just very recently, Zhang and colleagues [23] published
new results in the context of a series of works that integrate into their estab-
lished FEM-based simulation system methods for data assimilation to calibrate
simulation scenario setups patient-individually using 3D TEE images.

However, to the best of the authors’ knowledge, the cognitive integration
of the respective simulation frameworks into established clinical and surgical
treatment workflows has not yet been solved, and only a handful of works (see
above) start to address the associated questions of data integration, information
processing workflows, and cognition-guidance in the OR.
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In the works of Schoch et al. [16–19], an adequate solution approach for a such
cognition-guided, patient-specific, simulation-enhanced MVR surgery assistance
system has been proposed, and partial components, specific technical system fea-
tures and interim results have been presented. In the work at hands, the different
component parts are put together for the first time, and preliminary results that
were obtained from this prototypic system are presented and discussed.

In the following, in Sect. 2, we first present the MVR simulation application
and the underlying mathematical model formulation. We then look at the bio-
mechanical modeling workflow, at the end of which the simulation application is
executed. This will lead to focus on the cognitive data and software architecture
that eventually allows for cognition-guidance and for the comprehensive, auto-
mated medical information processing in order for an enhanced in-OR-usability
of surgery simulation. We emphasize that our work prioritizes the cognition-
guidance aspect over the elaboration of the biomechanical model itself. In Sect. 3,
we present first results obtained from the prototypic system, and evaluate the
system’s functionality and performance. Finally, in Sect. 4, we conclude with a
discussion of the presented work and analyze future intended work.

2 Materials and Methods

Modeling and Simulation of the MV Behavior. To describe and simulate
the deformation behavior of the MV, we build on the theory of elasticity. We
extend and further specify the work of Schoch et al. [16], which proposes a basic
model for MVR surgery simulation. We start with the boundary value problem
(BVP) formulation for contact problems in elasticity that reads

− divσ(u) + ρ ü = ρ g onΩR , (1)
u = uD onΓD , (2)

σ(u)n = tN onΓN , (3)
σ(u)n = pC onΓC . (4)

The balance Eq. (1) accounts for the conservation laws, considering stiffness and
inertia, and governs the deformation of the soft body ΩR ⊂ IR3. It contains
the stress tensor σ with respect to the MV body’s displacement u, the mater-
ial density ρ, and the body force g. The boundary conditions (BCs) state the
constraints for fixation or displacement (2) on ΓD (Dirichlet BC ), as well as for
blood pressure onto the leaflet surfaces and for the pulling effects of the chordae
tendinae (3) on ΓN (Neumann BC ), and take account for the event of contact
between the two MV leaflets (4) on ΓC (Contact BC ). Contact is implemented
by means of a penalty term pC , that prevents leaflet interpenetration.



118 N. Schoch and V. Heuveline

To numerically solve this problem with the Finite Element Method (FEM),
we derive – according to the standard procedure as, e.g., in [1] – the varia-
tional formulation as shown in Fig. 1. The illustration also indicates how the
required patient-specific features are represented in the model: We allow for con-
sidering patient-specific MV morphologies and material properties, integrate the
patient-individual blood pressure and the pulling chordae, account for contact,
and model the annuloplasty ring implantation.

Fig. 1. Illustration of the specifications of the variational formulation of contact in
elasticity for describing the MV behavior and MVR annuloplasty surgery.

Following the conforming Galerkin approach, we apply the FEM for space
discretization, and make use of the implicit Newmark time integration scheme
for time discretization, as it is reported to be stable, efficient and robust with
respect to oscillations and shocks [1] during the cardiac cycle. To describe the
MV behavior we thus obtain the system

M ü(t) + D u̇(t) + K u(t) = f , (5)

with stiffness matrix K, damping matrix D (Rayleigh Damping), mass matrix
M , and load vector f to account for body forces and the BCs.

For an efficient assembly and computation of the respective equation sys-
tems in every time step, we make use of the open-source C++ FEM software
toolkit HiFlow3 [10]. We optimized the performance of the simulation application
by means of massive parallelization of assembly and contact search. Moreover,
through specifically defined simulation interfaces, a flexible manipulation and
control of the simulation scenario setup is enabled, and we allow for all available
patient-specific medical data and for surgical expert knowledge to be integrated
after appropriate simulation preprocessing (see below).
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The Biomechanical Modeling Workflow and Cognition-Guidance. The
above mentioned simulation interfaces have been designed to be compatible with
the Medical Simulation Markup Language (MSML) [21], which we employ for the
simulation preprocessing. The MSML not only describes the biomechanical mod-
eling workflow, but also acts as a middleware between all steps from MV image
segmentation, via 3D mesh generation, to the definition of BC data structures,
and, finally, the execution of the simulation using the desired physics engine.
A set of dedicated MSML-based MVR simulation preprocessing algorithms [18]
guarantees the comprehensive analysis and the further processing of medical
patient data as well as of surgically relevant MVR expert knowledge in order
for the fully automated specification of appropriate MVR simulation scenarios,
that can directly be executed using the above HiFlow3-based MVR simulation
application.

The thus designed simulation-enhanced MVR surgery assistance workflow
(see Fig. 2) makes use of morphologic patient data (MV segmentations) that
were obtained through Engelhardt et al. [7], and of surgically relevant patient
parameter data (health histories and surgery indication records) that comes
from Schoch et al. [19]. All data is stored and semantically annotated under
consideration of Linked Data principles [2] in a semantic knowledge base [9],
which constitutes the core of the overall cognitive system architecture and of

Fig. 2. Illustration of the overall pipeline for cognition-guided, patient-specific,
simulation-enhanced MVR surgery assistance. The proposed system first processes
a patient’s medical data via a deductive reasoning system that implements surgical
knowledge and surgical guidelines [19] and via image segmentation tools [7], in order
to thus obtain all required input for subsequently merging the information in the bio-
mechanical modeling step. The MSML-based modeling step then sets up simulation
scenarios according to the patient’s processed geometric data and to the chosen surgi-
cal strategy, i.e., considering which ring type and size had been proposed by the MVR
deductive system, and how the ring is suggested to be implanted onto the natural MV.
The thereby obtained comprehensive, patient-specific, knowledge-based biomechanical
models are then used for simulation and executed by the HiFlow3-based MVR sim-
ulation application. Finally, the MVR surgery simulation results are visualized and
provided to the surgeons, in order to assist them in a better and more holistic decision
making with respect to the ring implantation strategy.
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its semantic data infrastructure. Analogously, we have extended all tools and
algorithms by means of a semantic description, too. For every tool or algorithm,
a such description wraps the tool and specifies its required input and produced
output data as well as its functionalities (as first described by Philipp et al. [13]).
Abiding by one common ontology, we guarantee that the tools’ descriptions are
compatible with the semantic data annotation scheme of the underlying semantic
knowledge base [9,19]. This way, we also facilitate that all tools and algorithms
in the assistance workflow can intelligently and autonomously interact with each
other and with the available data. Moreover, we have all tools and algorithms
executed through a data-driven rule engine, meaning that every application is
run as soon as the appropriate input data (as defined in the semantic description)
is available. Finally, having equipped all applications with RESTful Web APIs,
and exposing them via the Web, we have the entire workflow executed fully
automatically, and on possibly different computer systems, from OR workstation,
via reasoning server, to High-Performance Computing cluster. Our system thus
facilitates the comprehensive processing of heterogeneous medical patient data
(both images and parameter data) from miscellaneous data and information
sources. The obtained pipeline of cognitive applications, see Fig. 2, thus allows
for setting up patient-individual and surgical knowledge-based MVR simulation
scenarios.

3 Experiments and Results

This work describes a prototypic system for simulation-enhanced, cognition-
guided, patient-specific cardiac surgery assistance. We experimentally evaluated
the system’s functionality and performance and here present first results.

For the experimental functional evaluation, the system was set-up as illus-
trated in Fig. 2, and a set of 49 test cases has artificially been produced in order
for the validation of the entire surgery assistance pipeline. The test cases were
derived from MV segmentations that had been obtained from 4D TEE images
from two patients with severity III of MV insufficiency [7]. We deliberately make
use of multiple segmentation frames over the entire cardiac cycle to thus cover a
broad spectrum of possible image data input variations for validation purposes.
Along with the MV segmentations, all surgically relevant parameter data was
digitalized and semantified for both patients. Using the deductive system for
annuloplasty ring selection [19], a set of potentially suitable ring prostheses was
then obtained for both patients individually: The respective rings were derived
according to a semantified machine representation of MVR surgery guidelines
by Carpentier [4] and Fedak [8] and based on the above mentioned patient para-
meter and image data. Moreover, each ring is geometrically represented for sub-
sequent integration into 3D models. Resulting from this setup, all of the thus
derived 49 MVR surgery scenarios could successfully be further processed via the
MSML-based simulation preprocessing step and via the HiFlow3-based simula-
tion application, through the entire data-driven MVR surgery assistance pipeline
as shown in Fig. 2. We consequently obtained simulation results for 49 patient-
individual MVR scenarios with respectively different ring prostheses.
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After simulation, the simulation results are visualized and provided to the
surgeon to thus enable the virtual patient- and ring-specific assessment of poten-
tial MVR surgery outcomes before the actual operation. See Fig. 3 for an example
output of the MVR assistance system, which allows to assess patient- and ring-
specifically (1) the MV leaflets’ deformation behavior, (2) the MV coaptation
functionality, and (3) the stress behavior during the post-operative cardiac cycle.

Fig. 3. Visualization of MVR surgery simulation results that were obtained from the
cognition-guided, patient-specific MVR surgery assistance system prototype, showing
by the example of one test patient (a) the patient- and ring-specific biomechanical
model of the MVR ring implantation process, that constitutes the basis for the sub-
sequent simulation, (b) the virtual annuloplasty ring implantation process itself, and
(c) the MV closing behavior during a post-surgical cardiac cycle. In addition to the
actual deformation behavior, the colors encode the arising von Mises stress distribution.
(Color figure online)

Looking at the performance of the presented prototypic MVR assistance
system (as in Fig. 2), we separately evaluated the deductive and MSML-based
simulation preprocessing components on the one hand, and the simulation com-
ponent on the other hand. For the deductive annuloplasty ring selection system
and the MSML-based simulation preprocessing component, we employ Intel Core
i7-4600U notebook PCs with 8 GB RAM, which successfully and fully automat-
ically yields results after 72 ± 4 s. The simulation application is executed on a
High-Performance Computing cluster with 128 cores, distributed over 16 nodes,
each with 64 GB RAM. Space discretization with approx. 120 000 Tet4 cells
and 70 000 DoFs corresponds to the original TEE-based imaging resolution,
such that the usage of the HiFlow3-based CG solver along with its Symmetric
Gauss-Seidel and Algebraic MultiGrid preconditioners yields simulation results
(as shown in Fig. 3) in just under three minutes of computation time.
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4 Discussion

In this work, we present, for the first time, a prototypic system for cognition-
guided, patient-specific, simulation-enhanced MVR surgery assistance. This sys-
tem prototype integrates a biomechanical simulation for MVR surgery and a set
of dedicated MVR-related cognitive software components as part of a data-driven
pipeline into a semantic surgery assistance system architecture.

Taking advantage of the underlying semantic data infrastructure, it allows
to comprehensively and fully automatically analyze and process heterogeneous
medical data and surgical expert knowledge in order for the situation-adapted
and patient-specific simulation of MVR surgery scenarios. The proposed system
hence allows – in addition to the previously available medical image and parame-
ter data – to infer further surgically relevant simulation-based knowledge for the
respective patient. It thus extends the current standard and facilitates a more
holistic surgical diagnosis and a more profound surgical treatment planning:
Through a fully automated, cognitive surgery assistance pipeline, our system
provides the surgeon preoperatively with patient- and ring-specific MVR simu-
lation scenarios, which the surgeon can assess in 3D and use in addition to the
usual medical data in order to then make a decision towards the best surgical
strategy.

With the proposed system, we hence address the cognition-guidance issue
raised in the introduction. The resulting simulation scenarios are based on sur-
gical MVR knowledge and work on the respective patient’s medical data. More-
over, they are set-up and executed fully automatically and integrated into the
surgical treatment workflow, both of which is key for an easy usage and for an
enhanced in-OR-applicability of simulation-based surgery assistance.

Compared to other state-of-the-art works on simulation-based surgery assis-
tance systems (see again Sect. 1), in this work, we do not present a further
advanced biomechanical model, but aim at investigating on cognition-guidance
and patient-specifity for simulation-enhanced surgery assistance. Consequently,
we have put particular focus on

– a generic, flexible and arbitrarily extensible MVR simulation application
setup, with competent interfaces which facilitate the consideration of patient-
specific medical data and of surgical MVR knowledge,

– the integration of this simulation into a semantic system architecture,
– cognition-guidance and cognitive data integration, through a semantic rep-

resentation of all data and its analysis and further processing by means of
software components that handle all information with respect to the same
common ontology, and

– the complete automation of the entire simulation-enhanced surgery assistance
workflow through the underlying data-driven information processing pipeline
setup, as shown in Fig. 2.

We demonstrated how surgically relevant and beneficial insights can hence be
gained from the respective simulation results without requiring any interaction
by staff in the operation room. Our system allows to patient- and ring-specifically
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assess (1) the simulated MV deformation behavior, (2) the coaptation function-
ality, and (3) the stress distribution, and thus provides the surgeon with means
to distinguish optimal from suboptimal rings before the actual operation.

However, we point out that the current system prototype is still subjected
to essential limitations: The initial imaging and segmentation step [7] and the
deductive system for ring selection [19] do not yet allow us to fully analyze the
valve’s geometry and other surgically relevant impact factors (e.g., the chordae
tendinae or patient-individual material properties). Looking at our elasticity
model that describes the behavior of the MV soft tissue [16], we make use of
predefined sets of material parameter values (taken from [11,15]), since bio-
mechanical tissue properties cannot directly be reconstructed from images. In
taking such average value sets for healthy or sick, and for old or young patient
populations, we however only achieve an approximated (quasi-)representation of
the actual patient-specific parameters. Moreover, our elasticity model can be fur-
ther enhanced, e.g., towards the models desribed in [6,12,14] or [22]. Finally, as
both patient data and simulation model are subjected to inaccuracies and uncer-
tainties, there is a need for methods for Uncertainty Quantification in order to
better quantify the reliability of the obtained simulation results.

Knowing about these limitations, we have not yet clinically evaluated the pro-
totypic system, and so far focused on the general feasibility of a cognition-guided,
simulation-based cardiac surgery assistance system. In this regard, concerning
the data and information processing in the proposed MVR surgery assistance
system, we point out that we can guarantee for the system’s internal robustness
and compatibility, as well as for an error-free processing of data through the
whole pipeline: the entire data flow is semantically controlled by the underlying
semantic system architecture, and supervised by means of I/O and functional-
ity matching between the respective workflow steps, fully automatically. Also,
all workflow steps and underlying applications have been evaluated separately
(as recorded in the references). In particular, we investigated on the deductive
system for annuloplasty ring selection, which is reported in [19]: it has been
described that accepted surgical guidelines for annuloplasty ring selection (by
Carpentier [4] and Fedak [8]) could semantically be represented in order to allow
for an appropriate patient-specific exclusion of all non-optimal rings. Subsequent
simulation of corresponding MVR surgery scenarios that integrate the patient’s
data and the selected, potentially suitable ring(s) hence extends the current stan-
dard for surgical decision making in MVR: Our system provides the surgeon with
the corresponding patient- and ring-specific MVR simulation scenarios, which
can visually be assessed in order for an enhanced surgical decision making.

Beyond investigation on the general feasibility of our prototypic system for
cognition-guided, simulation-based MVR surgery assistance, we emphasize again
that the above limitations are the reason why we are missing a solid clinical
evaluation, so far. Yet, the described benefits and the system’s functionality
that is based on a cognitive, data-driven, fully-automated information processing
pipeline architecture indicate the system’s applicability and usability.
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Future work is to enhance several parts of the prototype and to eliminate
the above limitations in order to then allow for a reasonable clinical evalua-
tion. We especially intend to integrate into the simulation workflow a frame-
work for Data Assimilation as proposed, e.g., by Zhang et al. [23], in order to
patient-individually calibrate the simulation setup during simulation using our
cognitive data integration architecture. We particularly expect data assimilation
algorithms to be suitable for better estimating the real values of the material
parameters and of the chordae force distribution. Through combining the simula-
tion setup with data assimilation methods, we intend to let the afore-mentioned
average material parameters converge towards the respective patients’ real tis-
sue properties. Beyond that, a current work in progress [20] aims at establishing
a simulation ontology that is connected to an anatomy and surgery ontology,
through which we plan to make our results comparable and understandable for
different work groups and the community. Thanks to the cognition-guided over-
all setup of our proposed system prototype and its data-driven, modular pipeline
architecture, we expect our framework to be perfectly suitable for these further
enhancements and for subsequent clinical evaluation.

To conclude, the proposed prototypic cardiac surgery assistance system con-
nects, for the first time, a patient-specific biomechanical FEM surgery simulation
and its results with a comprehensive, semantic information management archi-
tecture. It thus enables cognition-guided, knowledge-based and patient-individual
surgery assistance and decision support: It provides the surgeon fully automat-
ically with suitably selected MVR surgery simulation scenarios, which can be
assessed and used to assist surgical planning before the operation. With the
suggested extensions and improvements, the proposed work can be expected to
significantly support MVR surgery in the future.
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Abstract. Cardiac Magnetic Resonance (CMR) imaging is commonly
used to assess cardiac structure and function. One disadvantage of CMR
is that postprocessing of exams is tedious. Without automation, precise
assessment of cardiac function via CMR typically requires an annotator
to spend tens of minutes per case manually contouring ventricular struc-
tures. Automatic contouring can lower the required time per patient by
generating contour suggestions that can be lightly modified by the anno-
tator. Fully convolutional networks (FCNs), a variant of convolutional
neural networks, have been used to rapidly advance the state-of-the-
art in automated segmentation, which makes FCNs a natural choice for
ventricular segmentation. However, FCNs are limited by their compu-
tational cost, which increases the monetary cost and degrades the user
experience of production systems. To combat this shortcoming, we have
developed the FastVentricle architecture, an FCN architecture for ven-
tricular segmentation based on the recently developed ENet architecture.
FastVentricle is 4× faster and runs with 6× less memory than the pre-
vious state-of-the-art ventricular segmentation architecture while still
maintaining excellent clinical accuracy.

1 Introduction

Patients with known or suspected cardiovascular disease often receive a cardiac
MRI to evaluate cardiac function. These scans are annotated with ventricular
contours in order to calculate cardiac volumes at end systole (ES) and end
diastole (ED); from the cardiac volumes, relevant diagnostic quantities such as
ejection fraction and myocardial mass can be calculated. Manual contouring can
take upwards of 30 min per case, so radiologists often use automation tools to
help speed up the process.

Active contour models [1] are a heuristic-based approach to segmentation
that have been utilized previously for segmentation of the ventricles [2,3] with
optional use of a ventricle shape prior [4,5]. However, active contour-based meth-
ods not only perform poorly on images with low contrast, they are also sensitive
to initialization and hyperparameter values. We encourage the interested reader
to refer to recent review papers [6,7] as a jumping-off point for further insight on
the usage of these (and many other) non-deep learning approaches for cardiac
segmentation.

c© Springer International Publishing AG 2017
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Fig. 1. Schematic representation of a fully convolutional encoder-decoder architecture
with skip connections that utilizes a smaller expanding path than contracting path.

Deep learning methods for segmentation have recently defined state-of-the-
art with the use of fully convolutional networks (FCNs) [8]. Simple FCN archi-
tectures similar to that described by [8] have been utilized for cardiac segmen-
tation [9]. The general idea behind FCNs is to use a downsampling path to
learn relevant features at a variety of spatial scales followed by an upsampling
path to combine the features for pixelwise prediction (see Fig. 1). DeconvNet [10]
pioneered the use of a symmetric contracting-expanding architecture for more
detailed segmentations, at the cost of longer training and inference time, and
the need for larger computational resources. UNet [11], originally developed for
use in the biomedical community where there are often fewer training images
and even finer resolution is required, added the use of skip connections between
the contracting and expanding paths to preserve details.

A UNet variant, DeepVentricle, has previously been used for cardiac segmen-
tation [12] and has received FDA clearance for clinical usage [13]. Both UNet and
DeepVentricle are FCNs with symmetric downsampling and upsampling paths,
skip connections, two convolution operations before each pooling or upsampling
operation, and double/half the number of filters as in the previous layer follow-
ing each pool/upsample, respectively. A key difference is that UNet utilizes valid
padding, resulting in segmentation maps that are smaller than the input image,
whereas DeepVentricle uses same padding.

One disadvantage of fully symmetric architectures in which there is a one-to-
one correspondence between downsampling and upsampling layers is that they
can be slow, especially for large input images. ENet, an alternative FCN design,
is an asymmetrical architecture optimized for speed [14]. ENet utilizes early
downsampling to reduce the input size using only a few feature maps. This
reduces both training and inference time, given that much of the network’s com-
putational load takes place when the image is at full resolution, and has minimal
effect on accuracy since much of the visual information at this stage is redundant.
Furthermore, the ENet authors show that the primary purpose of the expanding
path in FCNs is to upsample and fine-tune the details learned by the contracting
path rather than to learn complicated upsampling features; hence, ENet utilizes
an expanding path that is smaller than its contracting path. ENet also makes
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use of bottleneck modules, which are convolutions with a small receptive field
that are applied in order to project the feature maps into a lower dimensional
space in which larger kernels can be applied [15]. Finally, throughout the net-
work, ENet leverages a diversity of low cost convolution operations. In addition
to the more-expensive n × n convolutions, ENet also uses cheaper asymmetric
(1 × n and n× 1) convolutions and dilated convolutions [16].

In this paper, we present FastVentricle, an ENet variation with skip con-
nections for segmentation of the LV endocardium (LV endo), LV epicardium
(LV epi), and RV endocardium (RV endo), and compare it to DeepVentri-
cle, the architecture previously cleared by the FDA for clinical use. We show
that inference with FastVentricle requires significantly less time and memory
than inference with DeepVentricle while achieving statistically indistinguishable
volume accuracy.

2 Methods

Training Data. We use a database of 1143 short-axis cine Steady State Free
Precession (SSFP) scans annotated as part of standard clinical care to train
and validate our model. We split the data chronologically with 80% of studies
used for training, 10% for validation, and 10% as a hold out set. We curate
the hold out set to only include contours from trusted annotators, i.e. licensed
radiologists or technologists. The hold out set is used for all plots and tables
in this paper. Annotated contour types include LV endo, LV epi and RV endo.
Scans are annotated at ED and ES. Contours were annotated with different
frequencies; 96% (1097) of scans have LV endo contours, 22% (247) have LV epi
contours and 85% (966) have RV endo contours.

Data Preprocessing. We normalize all MRIs such that the 1st and 99th per-
centile of pixel intensities of a batch of images fall at −0.5 and 0.5, i.e. their
“usable range” falls between −0.5 and 0.5. We crop and resize the images such
that the ventricle contours take up a larger percentage of the image; the actual
crop and resize factors are hyperparameters. Cropping the image increases the
fraction of the image that is taken up by the foreground (ventricle) class, making
it easier to resolve fine details and helping the model converge.

Training. We use the Keras [17] deep learning package with TensorFlow [18] as
the backend to implement and train all of our models. We modify the standard
per-pixel cross-entropy loss to account for missing ground truth annotations in
our dataset. We discard the component of the loss that is calculated on images
for which ground truth is missing; we only backpropagate the component of the
loss for which ground truth is known. This allows us to train on our full training
dataset, including series with missing contours. Network weights are updated
per the Adam rule [19]. We train and test the models using NVIDIA Maxwell
Titan X GPUs. We augment our data during training by flipping, shearing, shift-
ing, zooming, and rotating the image/label pairs. To compare different models,
we use relative absolute volume error (RAVE). Using a relative metric ensures
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Fig. 2. Boxplots comparing the relative absolute volume error (RAVE) between
FastVentricle and DeepVentricle for each of LV endo, LV epi, and RV endo at ED
(left panels) and ES (right panels). The line at the center of each box denotes the
median RAVE, the ends of the box show 25% (Q1) and 75% (Q3) of the distribution.
Whiskers are placed at the first value within 1.5 interquartile ranges past the first and
third quartiles.

that equal weight is given to pediatric and adult hearts. We focus on the volume
error, as opposed to the Sørensen–Dice index or a similar overlap metric, because
ventricular volumes are the clinical endpoint used to diagnose disease and deter-
mine clinical care. RAVE is defined as RAVE = |Vpred − Vtruth|/Vtruth, where
Vtruth is the ground truth volume and Vpred is the volume computed from the
predicted 2D segmentation masks. Volumes are calculated from segmentation
masks using a frustum approximation.

Hyperparameter Search. We fine tune the DeepVentricle and FastVentri-
cle network architectures using random hyperparameter search [20]. In practice,
for each of the DeepVentricle and FastVentricle architectures, we: (i) run models
with random sets of hyperparameters for 20 epochs (i.e. 20 passes over the train-
ing set), (ii) select from the resulting corpus of models the three models with
the highest validation set accuracy, (iii) select the final model from the three
candidates based on lowest average RAVE on the validation set. The hyperpara-
meters of the DeepVentricle architecture include the use of batch normalization,
the number of convolution layers, the number of initial filters, and the number
of pooling layers. The hyperparameters of the FastVentricle architecture include
the kernel size for asymmetric convolutions, the number of times Section 2 of
the network is repeated, the number of initial bottleneck modules, the number
of initial filters, the projection ratio, and whether to use skip connections. These
connections run from the contracting path (the initial block and Section 1) to
the equivalent image size on the expanding path (Section 5 and Section 4, respec-
tively). Refer to [14] for nomenclature of the Sections and detailed descriptions of
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the hyperparameters. For both architectures, the hyperparameters also include
the batch size, learning rate, dropout probability, crop fraction, image size, and
the strength of all data augmentation parameters. We trained 50 DeepVentricle
models and 20 FastVentricle models for our hyperparameter search, with the
scope of the search limited by computational limitations and time constraints.
We note that skip connections are used in the 5 best FastVentricle architec-
tures in terms of validation set accuracy, demonstrating their usefulness for this
problem.

3 Results

Volume Error Analysis. Figure 2 presents box plots of the RAVE comparing
DeepVentricle and FastVentricle for each combination of ventricular structure
(LV endo, LV epi, RV endo) and phase (ES, ED). Within our hold out set,
we find that the performance of the models are very similar across structures
and phases (see Table 1 for median RAVEs as well as corresponding sample
sizes). For both models, segmentations at ED tend to be better than at ES,
as the chambers at ES are smaller and dark-colored papillary muscles tend to
blend with the myocardium when the heart is contracted. RV endo is the most
difficult of the structures due to its more complex shape. Furthermore, we find
that model performance at the apex and center of the ventricle is often better
than at the base, as it is generally ambiguous from just the basal slice where the
valve plane (separating ventricle from atrium) is. Although trained on only ES
and ED annotations, we are able to perform visually pleasing inference on all
time points. Figure 3 shows examples of network predictions on different slices
and time points for studies for both DeepVentricle and FastVentricle.

We additionally make Bland-Altman plots [21] for the volume error for each
combination of ventricular structure and phase (Fig. 4). These plots are used to

Table 1. Median RAVEs, U statistics and p-values from the Wilcoxon-Mann-Whitney
test, and corresponding sample sizes for our comparison of DeepVentricle and FastVen-
tricle for every combination of phase and ventricular anatomy on our hold out set. We
observe no statistically significant difference between the RAVE distributions of Deep-
Ventricle and FastVentricle.

LV Endo
(ED)

LV Endo
(ES)

LV Epi
(ED)

LV Epi
(ES)

RV Endo
(ED)

RV Endo
(ES)

DeepVentricle
median RAVE

0.033 0.073 0.036 0.049 0.064 0.109

FastVentricle
median RAVE

0.031 0.081 0.044 0.043 0.080 0.116

U statistic 4678 4967 190 160 4623 4142

p-value 0.86 0.35 0.79 0.56 0.28 0.80

Sample size 96 96 19 19 112 112
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show the agreement between the “gold standard” method (i.e. expert manual
annotations) and our automated DeepVentricle and FastVentricle methods. If
the 95% limits of agreement (mean ±1.96SD) are within the range that would
not make a clinical difference, the new method can be used in place of the old
with no adverse effects.

Statistical Analysis. We measure the statistical significance of the difference
between DeepVentricle and FastVentricle’s RAVE distributions for each combi-
nation of phase and anatomy for which we have ground truth annotations. We
use the Wilcoxon-Mann-Whitney test1 to assess the null hypothesis H0 that the
distribution of DeepVentricle and FastVentricle’s RAVE are equal. Table 1 dis-
plays the results. We find that there is no statistical evidence to claim one model
as the best, since the lowest measured p-value is 0.28.

Computational Complexity and Inference Speed. To be clinically and
commercially viable, any automated algorithm must be faster than manual anno-
tations, and lightweight enough to deploy easily. As seen in Table 2, we find that
FastVentricle is roughly 4× faster than DeepVentricle and uses 6× less memory
for inference. Because the model contains more layers, FastVentricle takes longer
to initialize before being ready to perform inference. However, in a production
setting, the model only needs to be initialized once when provisioning the server,
so this additional cost is incidental.

Table 2. Model volume error, speed, and computational complexity for DeepVentricle
and FastVentricle. Inference time per sample and GPU memory required for inference
calculated with a batch size of 16.

DeepVentricle FastVentricle

Average RAVE 0.100 0.098

Median RAVE 0.057 0.065

Inference GPU time per sample (ms) 31 7

Initialization GPU time (s) 1.3 13.3

Number of parameters 19,249,059 755,529

GPU memory required for inference (MB) 1,800 270

Size of the weight file (MB) 220 10

Internal Representation. Neural networks are infamous for being black boxes,
i.e., it is very difficult to “look inside” and understand why a certain prediction
is being made. This is especially troublesome in the medical setting, as doctors
prefer to use tools that they can understand. We follow the results of [23] to visu-
alize the features that FastVentricle is “looking for” when performing inference.

1 Using the SciPy 0.17.0 implementation with default parameters https://docs.scipy.
org/doc/scipy/reference/generated/scipy.stats.mannwhitneyu.html.

https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.mannwhitneyu.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.mannwhitneyu.html
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Fig. 4. Bland-Altman plots of ventricle volumes for both DeepVentricle (green) and
FastVentricle (blue) for each combination of ventricular structure and phase vs. ground
truth annotations. Solid colored lines denote the mean difference between ground truth
and predicted volumes, and dashed colored lines show the mean ±1.96SD, where SD
is the standard deviation of the difference. The mean can be interpreted as the bias of
the new method (automatic segmentation) vs. the old (doctor’s annotations), and the
dashed lines are the 95% limits of agreement between the two methods. For reference,
[22] find that the 95% limits of agreement between expert physicians is approximately
±27 mL for LV endo measurements; we display this value as a dotted black line on
the LV endo plots. Our LV endo volume 95% limits of agreement is within that of
the 95% limits of agreement between expert annotators for both DeepVentricle and
FastVentricle. Information on the 95% limits of agreement between expert annotators
is unavailable for LV epi and RV endo. (Color figure online)
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Fig. 5. A random input (left) is optimized using gradient descent for DeepVentricle
and FastVentricle (middle) to fit the label map (right, RV endo in red, LV endo in
cyan, LV epi in blue). The generated image has many qualities that the network is
“looking for” when making its predictions, such as high contrast between endocardium
and epicardium and the presence of papillary muscles. (Color figure online)

Beginning with random noise as a model input and a real segmentation mask as
the target, we perform backpropagation to update the pixel values in the input
image such that the loss is minimized. Figure 5 shows the result of such an opti-
mization for DeepVentricle and FastVentricle. We find that, as a doctor would,
the model is confident in its predictions when the endocardium is light and the
contrast with the epicardium is high. The model seems to have learned to ignore
the anatomy surrounding the heart. We also note that the optimized input for
DeepVentricle is less noisy than that for FastVentricle, probably because the
former model is larger and utilizes skip connections at the full resolution of the
input image. DeepVentricle also seems to “imagine” structures which look like
papillary muscles inside the ventricles.

4 Discussion

Performance. Though accuracy is the most important property of a model
when making clinical decisions, speed of algorithm execution is also critical
for maintaining positive user experience and minimizing infrastructure costs.
Within the bounds of our experiments, we find no statistically significant dif-
ference between the accuracy of DeepVentricle and that of its 4× faster cousin,
FastVentricle. This suggests that FastVentricle can replace DeepVentricle in a
clinical setting with no detrimental effects.

Both DeepVentricle and FastVentricle have a median RAVE of between
5 and 7%. To put this in context, [22] investigated the reproducibility of LV
endo volume measurements from CMR over 15 studies with 7 expert readers and
found the interrater standard deviation to be, on average, 14mL, i.e. approxi-
mately 10% of the volume being measured. Although there are occasional cases
on which our algorithm performs poorly, for example the congenital case dis-
played in Fig. 6, we auto-detect inference results with noisy contours when using
DeepVentricle or FastVentricle for clinical use and opt not to display them to the
user. Note that this quality detection algorithm has not been run for any plots
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Fig. 6. One main failure mode is on patients with congenital defects, for which the
anatomy is often ambiguous. In clinical use, a post-processing algorithm that auto-
detects poor inference results would report “cannot find reasonable segmentation” for
this study.

in this paper; all presented results contain the full hold out set for completeness.
For all cases, our production application allows radiologists to view and modify
any erroneous contours before completing the report.

5 Conclusion

We show that a new ENet-based FCN with skip connections, FastVentricle, can
be used for quick and efficient segmentation of cardiac anatomy. Trained on a
sparsely annotated database, our algorithm provides LV endo, LV epi, and RV
endo contours to clinicians for the purpose of calculating important diagnostic
quantities such as ejection fraction and myocardial mass. FastVentricle is 4×
faster and runs with 6× less memory than the previous state-of-the-art.

We experimented with a fully convolutional 3D network to improve the con-
sistency of basal slice segmentations, but found that the memory requirements
of this model limited the resolution of the input images such that the results
did not outperform 2D segmentation. A more careful consideration of additional
spatial information, perhaps with a 2.5D network incorporating long axis views,
could potentially improve performance. Finally, as with any deep learning-based
model, additional training cases could further improve performance.
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Abstract. A mathematical formulation for intensity-based slice-to-
volume registration is proposed. The approach is flexible and accom-
modates various regularization schemes, similarity measures, and
optimizers. The framework is evaluated by registering 2D and 3D car-
diac magnetic resonance (MR) images obtained in vivo, aimed at real-
time MR-guided applications. Rigid-body and affine transformations are
used to validate the parametric model. Target registration error (TRE),
Jaccard, and Dice indices are used to evaluate the algorithm and demon-
strate the accuracy of the registration scheme on both simulated and
clinical data. Registration with the affine model appeared to be more
robust than with the rigid model in controlled cases. By simply extend-
ing the rigid model to an affine model, alignment of the cardiac region
generally improved, without the need for complex dissimilarity measures
or regularizers.

1 Introduction

Recently, there has been increased interest in using magnetic resonance imag-
ing (MRI) for image-guided procedures that have traditionally been guided by
X-ray imaging. In some patients with a history of myocardial infarction (MI),
electrical activity in the heart may be disrupted by substrate formed from a pre-
vious MI, triggering arrhythmia. Treatment options include catheter ablation,
where the offending substrate is surgically ablated to correct the arrhythmia.
Catheter ablation is traditionally guided by X-ray fluoroscopy, however, possible
concerns over radiation exposure have led to MRI being proposed as an alter-
native. Besides being a non-invasive imaging modality, other advantages of MRI
include superior soft tissue contrast to better image anatomical features in and
around the heart, the ability to capture depth information without multiple pro-
jections and to easily adjust the positions of imaging planes to access areas of
interest. MRI-guided procedures necessitate fast imaging techniques to capture
images in real-time. Fortunately, MR sequences for real-time 2D visualization
exist and have been used to guide cardiac procedures [1].

The short acquisition time required by real-time MRI means that the 2D
images lack in quality compared to slices of cine MR volumes that are acquired

c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 139–151, 2017.
DOI: 10.1007/978-3-319-59448-4 14
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prior to surgical intervention without the constraints of producing images at real-
time frame rates and are therefore less noisy. 3D pre-operative images provide
detailed anatomical information while 2D intra-operative images provide live
positional updates. Ideally, one can register the pre- and intra-operative images
together to combine the advantages of both.

Various methods to perform slice-to-volume registration have been proposed.
Of interest to us is the application of slice-to-volume registration to MRI-guided
procedures. Registration between pre- and intra-operative images has been stud-
ied for non-cardiac applications in humans [2], but on a more relevant note, work
has been done in vivo on swine to register 2D intra-operative cardiac MR image
slices to pre-operative MR image volumes [3]. Xu et al. also present registra-
tion of high-quality pre-operative MR image volumes to live cardiac MR images
on human volunteers in vivo with applications to MRI-guided radiofrequency
ablation of substrate in the heart, but also focuses on registration incorporating
rigid-body transformations [4].

In most of the studies mentioned above, rigid-body registration was
employed. While rigid registration is generally employed to reduce computational
cost and to speed up the registration process, it risks oversimplifying the dis-
placement of body tissues, which are generally not rigid. The highly deformable
nature of the heart and displacement at various stages of the breathing cycle
make registration of the cardiac region more challenging. Deformable registra-
tion may be more accurate, but is computationally much more expensive.

Work involving slice-to-volume registration has been recent and not nearly
as numerous as projective 2D-3D registration, especially with respect to appli-
cations in MRI-guided procedures. In addition, there seems to be a lack of a
precise model in the literature, in contrast to 2D-2D or 3D-3D registration [5].

We propose a general mathematical framework for slice-to-volume registra-
tion which can accommodate parametric and non-parametric transformation
models. A rigid transformation model can be used in this framework, but the
user can easily adapt a different parametric transformation model.

We will demonstrate this framework on parametric models, specifically, using
this framework to extend existing 2D-3D rigid registration to affine registration.
Although the number of parameters in an affine parametric model (12 parame-
ters) is twice the number of parameters in a rigid model (6 parameters), the figure
dwarfs in comparison to the number of parameters dealt with in deformable reg-
istration, and thus is still a computationally inexpensive method that accounts
for some non-rigid deformations. The intensity-based registration framework is
flexible and can accommodate various models and parameters. We demonstrate
by registering high-resolution 3D MR images to noisier 2D real-time MR images,
using rigid and affine parametric models, and investigate the ill-posedness of 2D-
3D registration as an inverse problem.

2 Model

Consider the registration problem of a 3D ‘template’ image T to a 2D ‘reference’
image R, where R is a realization of T deformed via a transformations y and
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sliced at a certain location z. The reference and template images are represented
by mappings R : Ω ⊂ R

2 → R and T : Ω × Z ⊂ R
3 → R of compact support.

Considering a slice location z, the goal is to find the transformation y : R3 → R
3

such that Lz(T [y]) is similar to R, in which T [y] is the transformed template
image and Lz : L2(Ω × Z) → L

2(Ω) is the slicing operator at level z ∈ Z ⊂ R,
where Lz(T (x1, x2, x3)) := T (x1, x2, z) for (x1, x2, x3) ∈ R

3. A formulation of
the 2D-3D image registration of a template image T to a reference image R can
be written as the following problem.

2D-3D Image Registration Problem: Given two images R : Ω ⊂ R
2 → R

and T : Ω × Z ⊂ R
3 → R and an arbitrary given slice location z ∈ R, find a

transformation y : R3 → R
3 that minimizes the objective functional

J [y] := D[Lz(T [y]),R] + S[y − yref]. (1)

Here, D is a distance that measures the dissimilarity of Lz(T [y]) and R, and S
is a regularization expression on the transformation y that penalizes transfor-
mations “away” from yref.

2.1 Parametric 2D-3D Registration

It is possible that y can be parametrized via parameters w. For example if y is
an affine transformation, the transformation on a point x = (x1, x2, x3) can be
expressed as

y(w;x) =

⎛
⎝

w1 w2 w3

w5 w6 w7

w9 w10 w11

⎞
⎠

⎛
⎝

x1

x2

x3

⎞
⎠ +

⎛
⎝

w4

w8

w12

⎞
⎠ .

In general, for the parametric registration problem we equivalently aim to
minimize

J [w] := D[Lz(T [y(w)]),R] + S[w − wref]. (2)

Here we assume sum of squared distances (SSD) is the dissimilarity measure D

D[Lz(T ),R] = DSSD[Lz(T ),R] :=
1
2

∫

Ω

(Lz(T (x)) − R(x))2 dx.

Furthermore, the regularization functional S can be defined as

S[w − wref] :=
1
2

× (w − wref)T M (w − wref) (3)

for a symmetric positive definite weight matrix M that acts as a regularizer
(see [5]). If no regularization is imposed on w, for any pair of given images R
and T the above model is ill-posed. Therefore, to yield a unique w, we require a
regularizer S. The following theorem proves this claim.
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Theorem 1. Consider a given z. Any two affine transformations wA and wB

that satisfy the following conditions yield Lz(T [y(wA;x)])=Lz(T [y(wB ;x)]):
⎛
⎝

wA
1

wA
5

wA
9

⎞
⎠ =

⎛
⎝

wB
1

wB
5

wB
9

⎞
⎠ ,

⎛
⎝

wA
2

wA
6

wA
10

⎞
⎠ =

⎛
⎝

wB
2

wB
6

wB
10

⎞
⎠ ,

⎛
⎝

wA
3 − wB

3

wA
7 − wB

7

wA
11 − wB

11

⎞
⎠ z+

⎛
⎝

wA
4 − wB

4

wA
8 − wB

8

wA
12 − wB

12

⎞
⎠ =

⎛
⎝

0
0
0

⎞
⎠ .

This suggests that if no regularization is imposed, the first two columns of
wA and wB have to match. In addition, for any given third columns of wA and
wB , a given z, and a given fourth column of wA, we can always compute the
fourth column of wB that yields the same sliced result. This suggests that if we
impose no regularization, the parameters of w have to be reduced to 9 instead of
12. In practice, since we typically have information about the reference wref, we
impose regularization and keep the number of parameters as 12 in the parametric
affine case. Furthermore, regardless of how many parameters we choose for w,
the registration problem may be ill-posed in theory due to the intensities of
images R and T . For example, if R is image of a disk in 2D and T is image of a
sphere in 3D, the problem yields infinitely many solutions since infinitely many
cross-sections of a sphere can yield a disk. Due to the structure of the employed
input images, this does not happen in practice. That being said, we regularize
the affine transformation w in all cases.

2.2 Discretization

Here we employ a discretize-then-optimize paradigm (see the FAIR software [5]
for details) to minimize the functional in Eq. (2).

Discretizing Ω into n pixels and Z into l pixels, we can define grids xR =
[x1

k, x2
k]k=1,...,n and xT = [x1

j , x
2
j , x

3
j ]j=1,...,n×l relating to R and T , respectively,

to be the discretizations of Ω and Ω × Z. Furthermore, y ≈ y(w, xT ), w = w,
the cell-centered-discretized images are T ≈ T (xT ) and R ≈ R(xR) (containing
nl and n pixels, respectively), and discretization of the operators D and S are
represented by D and S (see [5]). For a given z, the discretization of the operator
Lz, denoted by Lz can be computed as

Lz = In×nl := In×n ⊗
1 × l size︷ ︸︸ ︷

[0, . . . , 0, 1︸︷︷︸
�l(z + ω)/2ω�-th component

, 0, . . . , 0] (4)

in which we have assumed Z is the interval (−ω, ω). The discretized problem is
now to minimize the functional

J [w] := D[Lz(T (y(w))), R] + S(w − wref). (5)

2.3 Optimization

We compute the derivative and Hessian of J denoted by dJ and HJ respectively
in a Gauss-Newton approach described in [6]. For simplicity, we allow ourselves



Slice-to-Volume Image Registration Models 143

to interchangeably refer to derivatives of real-valued functions as Jacobians as
well. The Hessian and Jacobian of the regularization S are denoted respectively
as dS and HS . To proceed, we represent the Jacobian of the objective function
J as dJ := ∂J

∂w . Now define L := Lz(T (y(w))) and r := L − R. Choosing the
SSD distance measure and defining Ψ(r) := 1

2rT r = D[Lz(T (y(w))), R] yields
J [w] = Ψ + S(w − wref). Hence using the chain rule

∂J

∂w
=

(
∂Ψ

∂r

) (
∂r

∂L

)(
∂L

∂T

) (
∂T

∂y

)(
∂y

∂w

)
+

(
∂S

∂w

)

= rT × In×n × In×nl × dT × dy + dS

= rT × In×n × In×nl × dT × dy + (w − wref)T M

in which dT := ∂T
∂y represents the derivative of the interpolant and dy := ∂y

∂w is
the derivative of the transformation y with respect to w. Derivatives dy and dT
are both available in FAIR [5]. Finally, the Hessian of J denoted by HJ can be
approximated as

HJ = d2Ψ + HS ≈ drT dr + HS = drT dr + M, (6)

where

dr =
(

∂r

∂L

)(
∂L

∂T

)(
∂T

∂y

) (
∂y

∂w

)
= In×n × In×nl ×dT ×dy = In×nl ×dT ×dy.

(7)
In practice, to speed up the computations, matrix-free implementation of the

algorithm can be applied. We also consider different discrete representations of
the image registration problem, and address the discrete problems sequentially
in the so-called multi-level approach.

3 Experiments and Results

3.1 Data

3D pre-procedural and 2D real-time cardiac MRI were acquired from 6 volunteers
using a 1.5T MRI scanner (GE Healthcare, Waukesha, WI).

3.1.1 Prior 3D (Cine) Images
Each pre-procedural 3D volume consists of a stack of 12 to 14 short-axis (SAX)
slices of the heart with a resolution of 1.37 × 1.37 × 8mm3 and a field of view
(FOV) of 350 × 350 mm2. The images were acquired at end-expiration breath-
hold with an electrocardiogram (ECG) triggered GE FIESTA pulse sequence
and only end-diastolic images were used.
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3.1.2 Real-Time Images
2D real-time images were acquired at the same slice locations as in the pre-
procedural scans, but under free-breathing conditions. The images were obtained
continuously with a fast spiral balanced steady state free precession (bSSFP)
sequence at a frame rate of 8 fps, an in-plane resolution of 2.2 × 2.2 mm2, slice
thickness 8mm, and a FOV of 350 × 350 mm2. The images were ECG-gated
and only images acquired end-diastole were used in the following experiments.
It should be noted that stacked images do not produce meaningful volumes as
there is no synchronization between different slices.

3.2 Validation of Results

If registration between two (non-identical) images is successful, a slice obtained
from transforming the 3D template image with the transformation parameters
obtained from registration and then slicing at a predetermined slice location
would yield a 2D image similar to the 2D reference image. While a look at the
end-result images can give us a subjective impression of whether registration was
successful and transformation parameters returned have aligned objects in the
image well, no ‘ground truth’ is available in general. We can, however, evaluate
end-result images for their purpose in application.

The images in question are cardiac MR images, where the region of interest
is the left ventricle (LV). One way of measuring how well two images have been
aligned by registration is to measure how much the LVs in the template and
reference images overlap before and after registration. Overlap can be quantified
by the Dice coefficient and the Jaccard index, which are, respectively, defined as
defined as: Dice(A,B) = 2|A∩B|

|A|+|B| and Jaccard(A,B) = |A∩B|
|A∪B| .

The LV also contains papillary muscles which can be used as landmarks.
Alignment of the landmarks can be quantified by computing the distance
between corresponding landmarks in the reference and template images, before
and after registration. This quantity, called the target registration error (TRE),
is the l2-normed distance between landmarks in the template image and the
corresponding landmarks in the reference image.

The LV and landmarks in the cine volume were manually selected. The endo-
cardium of the LV was outlined for each slice, and the in-plane segmentations
stacked to form a 3D segmentation mask. To obtain a 2D segmentation mask of
L after registration, the 3D segmentation mask is transformed using the parame-
ters obtained from registration, and then sliced. In the real-time images, the LV
and landmarks were also segmented, by an expert. The coordinates for the land-
marks in the image are 2D, but knowing the location where the slice was taken
from allows us to append an approximate third coordinate to the landmarks.

3.3 Cine/Cine Controlled Experiments

Before demonstrating the affine model on registration between a cine (pre-
operative) image and a real-time (intra-operative) image, we first perform



Slice-to-Volume Image Registration Models 145

controlled experiments. Controlled registration experiments were performed
between a 3D cine volume (template) and a 2D image (reference) that is a
slice of a transformed version of the 3D volume. Since that initial transforma-
tion is known, ground truth is available. For all experiments following, domains
Ω = (−175, 175) × (−175, 175) mm2 and Z = (−48, 48)mm, and discretizations
n = 1282 = 16384 and l = 12. For affine registration, we will also assume the
regularizer M is a diagonal 12 × 12 matrix with unit entries on the main diag-
onal except for locations 3, 7, and 11 (third column of matrix) where entries
are 106, i.e., large. If wref is chosen to be the identity transformation, the regu-
larizer ensures the computed parameters [w3, w7, w11] to be close to [0, 0, 1]; see
Theorem 1. Linear interpolation and an Armijo line search [6] were used in the
multi-level Gauss-Newton optimization framework.

3.3.1 Affine Initial Transformation
If the initial transformation applied to generate the reference image is affine,
successful affine registration should produce a transformed template slice that
aligns with the reference image. Recall that the motivation behind using an affine
model as opposed to a rigid was to more accurately represent the deformable
nature of organs in the body. To demonstrate that the rigid model does indeed
fail when the nature of the deformation applied to the reference image R is
not rigid, we individually perturbed each entry of the identity transform w =
[1, 0, 0, 0, 0, 1, 0, 0, 0, 0, 1, 0], and applied the perturbed set of parameters in the
initial transformation to obtain R. For each R that was obtained, rigid and
affine registration was performed. Due to Theorem 1, perturbing entries w3, w7,
and w11 is equivalent (in terms of producing the same template image slice) to
perturbing w4, w8, and w12 but scaled by a factor of z, the location of the slicing
operator, so only 9 entries of w need to be perturbed; w4, w8, and w12 were not
perturbed. For each of the 9 entries, an ε between −0.5 to 0.5 was added to the
entry to produce a set of initial parameters used to obtain R.

Figures 1, 2, and 3 show the effects of perturbing the entries of w2 on the
TRE before registration, after rigid registration, and after affine registration.
As expected, affine registration improves results over rigid registration. Simi-
lar results were found for entries w1, w5, w6, w9, and w10 (first two columns of
matrix), but for the sake of brevity, no figures will be shown for those entries.
In all figures, the box represents the 25th–75th percentile, and the line in the
box marks the median. Figures 4, 5, and 6 show the effects of perturbing the
entries of w3 on the TRE before registration, after rigid registration, and after
affine registration. Due to Theorem 1, perturbations in w3, w7, and w11 can be
compensated for when the image is reduced from 3D to 2D by changing the
values of w4, w8, and w12, which are translation parameters and thus forms a
rigid transformation, if no other shear terms are present. Rigid registration was
therefore comparable to affine transformation for perturbations on w3, as seen
in Figs. 5 and 6. The same was found for entries w7 and w11 (third column of
matrix), but for the sake of brevity, no figures will be shown for those entries.
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Recall that an indicator of good alignment is a simultaneously large Jac-
card index and small TRE. Although not shown, LV overlap was quantified with
the Jaccard index as well. For perturbations on w2 (and w1, w5, w6, w9, w10 as
well), affine registration generally performed well, increasing Jaccard indices and
reducing TREs. Rigid registration did not improve results; Jaccard indices after
rigid registration became more varied and generally appear to worsen. For per-
turbations on w3 (and w7, w11), the results of rigid registration were comparable
to affine registration. This can be explained by Theorem 1 – variations in w3,
w7, and w11 can be compensated for by changing the values of w4, w8, and w12

to obtain the same 2D slice of a 3D volume.

3.4 Real-Time/Cine Experiments

No initial 3D transformation was applied to obtain the reference image as was
done on the test cases, since the reference images here are 2D real-time images.
It is also not meaningful to perform a 2D transformation on a real-time image
to obtain the reference image for registration, since a modified image no longer
represents a clinical setting. Because the slice locations in the real-time and cine
cardiac MRI are already rather aligned initially in the z-direction, registration
between images from same the slice prescription would align things mostly within
the xy-plane, and give little indication of how well the algorithm works when
the images are taken at different slice locations. Performing registration between
different slices would be a better indicator of how well the algorithm improves
alignment in the z-direction. For the following example (Fig. 7), the real-time
slice was taken at spatial location z = −4 mm while the slicing operation was
applied on the template image at z = −36 mm, so the initial slice of the 3D
template is at z = −36mm. To register the images successfully, the registration
algorithm must return transformation parameters that translate the template
image by approximately 32 mm (the physical distance between the spatial loca-
tions of the reference image and slicing operator) in the z-direction, along with
appropriate alignments in the x- and y-directions. Figure 7 and Table 1 show the
results of one experiment. The affine model appears to produce slightly better
results for this experiment, due to its ability to deform, apparent in the LV over-
lap after registration (Fig. 7g). In most clinical applications, initial misalignment
will not be as large and the two images registered will be slices in close proximity
to one another. Affine and rigid registration was performed on real-time images
from 6 data sets, each contributing 1 cine image and between 17 to 29 real-time
images, to a total of 143 real-time images across 6 data sets. Each real-time
image was registered to the cine image of the same subject at the same slice
location and cardiac phase. Although the slice prescriptions are identical, there
may be small motion normal to the image plane. The results are listed in Table 2.
With the exception of Data Set 3 and Data Set 5, rigid registration improves
or leaves results unchanged. Affine registration improves results for all data sets
except Data Set 3. For Data Set 3, rigid registration returned values worse than
what was initially given and affine registration performed even worse. This was
due to local deformation within the cardiac region, consistent throughout the



Slice-to-Volume Image Registration Models 147

Size of perturbation

TR
E

 (m
m

)

0
2
4
6
8

10
12
14
16
18
20
22
24

-0.50 -0.40 -0.30 -0.20 -0.10 0.00 0.10 0.20 0.30 0.40 0.50

Fig. 1. The TRE as a function of the perturbation on w2 before registration for all
data sets. Reference image obtained by an affine transformation that is the identity
transformation except for the addition of the perturbation to w2.
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Fig. 2. The TRE as a function of the perturbation on w2 after rigid registration for
all data sets. Reference image obtained by an affine transformation that is the identity
transformation except for the addition of the perturbation to w2.

data available for Data Set 3. Since the body cavity is considerably larger than
the cardiac region and comprises most of the content in each image, the algo-
rithm accounted for the body cavity, not the heart, thus the LV becomes more
misaligned after registration. For Data Set 5, rigid registration returned slightly
worse values than what the algorithm initially started with, but affine registra-
tion produced values that were a slight improvement over the initial data. From
the values for the rest of the data sets, however, affine registration returns better
results in general compared to rigid registration. The TRE was not calculated
in this set of experiments because the images are from the same slice locations,
image resolution in the z-direction (the direction normal to the short-axis slices)
is much coarser than the in-plane resolution, i.e. slice thickness is larger than
pixel size; because there is no ground truth available for us to obtain more precise
landmark locations, thus z-direction uncertainty would dominate and render the
results meaningless.
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Fig. 3. The TRE as a function of the perturbation on w2 after affine registration for
all data sets. Reference image obtained by an affine transformation that is the identity
transformation except for the addition of the perturbation to w2.
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Fig. 4. The TRE as a function of the perturbation on w3 before registration for all
data sets. Reference image obtained by an affine transformation that is the identity
transformation except for the addition of the perturbation to w3.
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Fig. 5. The TRE as a function of the perturbation on w3 after rigid registration for
all data sets. Reference image obtained by an affine transformation that is the identity
transformation except for the addition of the perturbation to w3.

Table 1. Jaccard indices and Dice coefficients of left ventricle overlap before and after
registration between a 3D cine volume and a real-time image taken from z = −4 mm.
Slicing operations performed at z = −36 mm.

Jaccard Dice TRE (mm)

Before registration 0.67 0.80 32.8± 0.2

After rigid registration 0.71 0.83 6.6± 0.8

After affine registration 0.87 0.93 4.5± 0.1
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Fig. 6. The TRE as a function of the perturbation on w3 after affine registration for
all data sets. Reference image obtained by an affine transformation that is the identity
transformation except for the addition of the perturbation to w3.

(a) (b) (c)

(d) (e)

(f) (g)

Fig. 7. Results of affine registration between a 3D cine image and a 2D real-time image
on the same subject as in the controlled experiment, with an initial misalignment of
approximately 32mm in the z-direction (through the image plane). (a) Reference image
R. (b), (c) Template slice L before and after registration. (d), (e) Difference between
the reference image and template slice (L − R) before and after registration. (f), (g)
Segmentation masks showing left ventricle overlap before and after registration, with
in-plane reference image landmarks (×) and out-of-plane template image landmarks
projected onto image (+).
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Table 2. LV overlap before registration, after rigid registration, and after affine regis-
tration between a pre-operative 3D cine volume and a noisier, lower-resolution intra-
operative 2D real-time image, as in a clinical setting.

Data set Before registration After rigid registration After affine
registration

Jaccard 1 0.86± 0.06 0.87± 0.07 0.92± 0.02

Dice 0.92± 0.04 0.93± 0.04 0.96± 0.01

Jaccard 2 0.75± 0.02 0.86± 0.02 0.87± 0.02

Dice 0.86± 0.02 0.93± 0.01 0.93± 0.01

Jaccard 3 0.77± 0.06 0.47± 0.13 0.21± 0.08

Dice 0.87± 0.04 0.63± 0.13 0.34± 0.12

Jaccard 4 0.49± 0.08 0.66± 0.05 0.73± 0.08

Dice 0.65± 0.07 0.80± 0.04 0.84± 0.06

Jaccard 5 0.80± 0.04 0.73± 0.03 0.83± 0.04

Dice 0.89± 0.03 0.84± 0.02 0.91± 0.02

Jaccard 6 0.76± 0.09 0.76± 0.09 0.80± 0.09

Dice 0.86± 0.06 0.86± 0.06 0.88± 0.06

4 Discussions and Conclusions

In controlled experiments where the reference image is a transformed and sliced
version of the template image, it was demonstrated that rigid registration did
not sufficiently account for deformations that are affine in nature. We can con-
clude that the affine model performs better than, or is at least comparable to,
the rigid model for controlled experiments, but at the expense of extra computa-
tional time. In registration between real-time images and cine images of the same
slice location and cardiac phase, affine registration generally performed better
than rigid registration, presumably due to its greater flexibility over the rigid
model, allowing it to deform the cine image to more closely match the real-time
image. We can conclude that between images of the same modality, the proposed
multi-level parametric 2D-3D registration scheme can align images well for mis-
alignments within reasonable limits encountered in clinical applications, such as
motion due to respiration. Despite different acquisition methods in the real-time
and prior cine MR images, the registration algorithm improved alignment with
the SSD dissimilarity measure.

Affine registration was found to be a generally more robust model than rigid
registration in this framework. This suggests that in attempting to improve
results for applications employing 2D-3D rigid registration with the SSD, one
can first consider simply expanding the transformation model to an affine one
before considering more complex dissimilarity measures and regularizers. The
advantage of the affine model is its simplicity, allowing more accurate registra-
tion at a small cost. For multi-modality registration where intensities of the
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template and reference images differ more drastically, one can consider using
other dissimilarity measures and/or optimizers [5,7] that can fit well within the
context of the general proposed model.
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Abstract. The leading cause of death worldwide is ischaemic heart dis-
ease. Late gadolinium enhanced magnetic resonance imaging (LGE-MRI)
is the clinical gold standard to visualize regions of myocardial scarring.
However, the challenge arises in the segmentation of the myocardial bor-
der, as the transition of scar tissue and blood pool can be very smooth,
because the contrast agent accumulates in the damaged tissue and leads
to various enhancements. In this work, a random forest based bound-
ary detection approach is combined with a scar exclusion criterion. The
final endocardial and epicardial border is found with the help of dynamic
programming, which finds the distance weighted minimum through the
boundary cost array. The segmentation method is evaluated using a 5-
fold cross validation on 100 clinical LGE-MRI data sets. The Dice coef-
ficient resulted in an overlap of 0.83 for the endocardium as well as for
the epicardium.

1 Introduction

The leading cause of death worldwide is ischaemic heart disease [1]. For diag-
nosis in clinical routine cardiac magnetic resonance imaging is used, as it can
provide information on morphology, tissue characterization, blood flow or perfu-
sion [2,3]. The clinical gold standard for the assessment of myocardial viability
is late gadolinium enhanced magnetic resonance imaging (LGE-MRI) [4]. The
enhancement of the damaged tissue is based on the different contrast agent accu-
mulation within the tissue, which is based on T1 weighted imaging [5]. There-
fore, necrotic tissue has high signal intensity, whereas the boundaries of the
myocardium are hardly enhanced. Consequently, the challenge is the accurate
and reliable segmentation of the myocardium for further tissue analysis. As the
quantification of the myocardial scar is needed for diagnosis, therapy planning
and patient prognosis.

Most segmentation approaches for LGE-MRI require the prior delineation
of the myocardium in Cine-MRI data of the same patient which are then prop-
agated to the LGE-MRI [6–9]. However, this contour propagation has several
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 152–160, 2017.
DOI: 10.1007/978-3-319-59448-4 15
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(a) Detected center (b) MACWE

Fig. 1. (a) Detected center of the left ventricle using circular Hough transforms and
circularity constraints. (b) Result of the morphological active contours without edges
approach (MACWE).

limitations. The cardiac phases from the Cine-MRI and the LGE-MRI may not
accurately match. Inter-slice shifts from multiple breath holds can arise. The
global position of the heart may change due to patient movement as contrast has
to be injected and the acquisition is done 10 to 20 min after injection. Although
these shifts may appear minor, they can lead to significant errors in the scar
quantification.

Thus, we propose a random forest based segmentation approach for 2-D
LGE-MRI, which is independent of Cine MRI. The major contribution of this
approach is, that steerable features are extracted in polar space for the endo-
cardial and epicardial boundary respectively. These features are used to train
two random forest classifiers, which results in two boundary probability maps
for the endocardium and epicardium, respectively. For the endocardium an addi-
tional scar exclusion step is added. The final segmentation result is obtained by
a dynamic programming approach in polar space.

2 Materials and Methods

The segmentation of the left ventricle can be divided into several steps. First, the
left ventricle is detected using a combination of circular Hough transforms, Otsu
thresholding and circularity measures. In the second step, a region of interest
is identified using morphological active contours. In the third step, potential
endocardial boundary positions are detected by casting rays in a cylindrical
fashion. The boundary probability is estimated using a random forest classifier.
In addition, potential scar areas are excluded from the boundary probabilities.
In the final step, the optimal contour is obtained by applying a minimal cost
path search to the boundary cost array in polar space.
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(a) Boundary candi-
dates

(b) Boundary detec-
tion

(c) Boundary costs

Fig. 2. (a) Potential boundary candidates, extracted using ray casting. (b) Boundary
detection result obtained from the trained random forest classifier. (c) Boundary cost
map in Cartesian coordinates.

2.1 Left Ventricle Detection

The left ventricle is detected in the mid slice of the 2-D LGE-MRI stack. First,
the Canny edge detector is used to extract the edges from the image [10]. In the
next step, circular Hough transforms are applied [11]. The radii of the circular
Hough transforms were in range of 17 mm to 35 mm with a step size of 2 mm
due to performance, which was defined according to the anatomical informa-
tion in literature [12]. The most prominent candidate is selected as potential left
ventricle blood pool candidate. To verify this position, an additional roundness
measure is applied. Therefore, Otsu’s thresholding is applied to the whole slice,
to convert the image into a binary mask [13]. Objects that are smaller than a
predefined threshold θo = 25 are removed. The threshold was defined heuristi-
cally. From the remaining objects the eccentricity, i.e. the roundness is estimated

R =
√

a2−b2

a2 , where a is the semi-major axis and b is the semi-minor axis of the
object. If the object is circular, R = 0. If the center points c1 and c2 of the
roundest object and the result of the circular Hough transform are within θc,
where θc =

√
(c1 − c2)2, the left ventricle has been accurately detected. Other-

wise, the user is asked to verify the center of the left ventricle. The result of the
left ventricle detection is shown in Fig. 1(a).

2.2 Endocardial Boundary Estimation

After the left ventricle is detected in the center slice of the MRI stack, this
information is used for the boundary detection of the endocardium. The mid-
slice is a good slice to start with the segmentation, as the result can be used to
propagate in basal and apical direction. To get a rough estimate of the blood pool
outline, a morphological active contours without edges (MACWE) approach is
applied [14]. This approach alone is not sufficient to get the outline of the blood
pool as in LGE-MRI the transition between blood pool and myocardial scar
can be very smooth, see Fig. 1(b). However, it gives us a rough outline of the
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blood pool. This outline can be used to extract potential endocardial boundary
candidates using circular ray casting. Therefore, the image is converted to polar
coordinates. Boundary candidates are then selected for N equidistant points
along R rays, as depicted in Fig. 2(a) in Cartesian coordinates. Each potential
boundary candidate is then classified using a trained random forest classifier.
The result of the classification is illustrated in Fig. 2(b) as cost map.

Boundary Map Generation: The performance of any classifier is limited by
the discriminative power of the features used for training. Steerable features were
used [15], as they are computationally efficient and can capture the orientation
and scale. In total 16 features were extracted for each boundary candidate, based
on local intensity and gradient, which result in a feature vector x ∈ R

1×16,
that is used for training and detection. For a given boundary candidate p(x, y)
with the intensity I and the gradient g = (gx, gy), the following features are
extracted: I,

√
I, 3

√
I, I2, I3, log I, ||g ||, √||g ||, 3

√||g ||, ||g ||2, ||g ||3, log ||g ||, gx,

gy,
√

g2x + g2y, div(g). Note, that all the features are extracted in polar space,
which is the steerable space. The center position in Cartesian space, i.e. origin
in polar space, has not influence on the classification result.

The training of the random forest is based on ground truth annotations
from which positive as well as negative samples are extracted. For the training
pathologic as well as healthy subjects are used, to generate a broad range for the
training data base. After the training, the classifier can predict the endocardial
boundary probability pendo(x ) ∈ [0, 1]. The endocardial boundary probability
can be interpreted as costs c, where c = 1 − pendo. If the boundary probability
is very high, the costs are close to 0.

To improve the detection of the boundaries from scarred myocardium, an
additional scar exclusion step is added. Given the mean intensity of the blood
pool μbp and the standard deviation σbp, the scar threshold θst is defined as θst =
μbp + σbp. All the pixels above this threshold and outside of the blood pool are
defined as potential scar candidates, see Fig. 3(c). The scar map is generated from
the scar candidates, where all pixels with increasing radius from potential scar
candidates are labeled with 1, as depicted in Fig. 3(d). If a boundary probability
overlaps with the scar map, the boundary potentials are impaired, see Fig. 3(e).

Segmentation: In the next step, the final segmentation result of the endocar-
dial contour has to be obtained from the endocardial cost map. Therefore, a
dynamic programming approach is used in polar space, to compute the optimal
endocardial contour from one end to the other end of the polar image [16]. The
minimal cost path (MCP) search is used [17], which finds the distance weighted
minimum path through the cost array. The cost path is calculated as the sum
of the costs for each move and weighted by the length of the path. The result of
the MCP is shown in Fig. 3(f). After the optimal path is found, the contour is
transferred back to Cartesian coordinates, see Fig. 4(a). The convex hull is cal-
culated from the contour, as papillary muscles close to the endocardial border
might be included, as visualized in Fig. 4(b).
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(a) Polar image

(b) Boundary costs

(c) Scar candidates

(d) Scar map

(e) Boundary cost combined with scar map

(f) MCP result

Fig. 3. (a) Mid slice image after polar transformation. (b) Boundary cost map obtained
from the trained random forest classifier in polar coordinates. (c) Potential scar can-
didates which have an intensity value greater than θst and are not within the blood
pool. (d) Scar map, where all scar candidates with increasing radius are labeled with
1. (e) Final endocardial boundary cost map, resulting from the combined boundary
detection result and the scar map. (f) Final result of the minimal cost path (MCP)
search in polar coordinates.

After the contour is refined in the mid-slice, the information is used for the
boundary detection in apical and basal direction. The center is propagated to the
succeeding slices and the MACWE is initialized. The boundary detection using
the random forest classifier, the scar map generation, and the MCP is repeated
for all succeeding slices until the base and apex is reached.
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(a) Result MCP (b) Convex hull (c) Final result (d) 3-D modell

Fig. 4. (a) Result of the minimal cost path search in Cartesian coordinates. (b) Convex
hull of the final result. (c) The final result of the boundary estimation for the endo-
cardium in red and the epicardium in yellow. (d) 3-D model of the endocardial and
epicardial contour in red and yellow, respectively. (Color figure online)

2.3 Epicardial Boundary Estimation

After the endocardial contour is found, the epicardial contour can be estimated.
The segmentation starts again with the mid-slice and the result of the refined
endocardial contour is used as an initialization for the boundary detection.

Again a random forest classifier is trained for the epicardial boundary detec-
tion using the same 16 features as for the endocardial border estimation, result-
ing in an epicardial boundary probability p(x )epi. The result of the epicardial
boundary detection is used as cost array for the minimal cost path search. The
MCP is applied in polar coordinates for the same reasons as mentioned before.
The MCP finds the distance weighted minimal path from the left to the right end
of the polar image. The result is then transferred back to Cartesian coordinates
and the convex hull is taken. The result is depicted in Fig. 4(c).

The endocardial contour estimation is repeated till the apex and base is
reached. Afterwards the contours are extracted as 3-D surface models using the
marching cubes algorithm [18]. The output is a list of vertices and faces which
are saved in the *.stl or *.obj file format. Figure 4(d) shows an example of a 3-D
surface mesh, where the endocardium is visualized in red and the epicardium in
yellow.

3 Evaluation and Results

The automatic segmentation of the left ventricle’s endo- and epi-cardium was
evaluated on 100 clinical LGE-MRI data sets. The inversion recovery 2-D LGE-
MRI sequences were acquired with a Siemens MAGNETOM Area 1.5 T scanner
(Siemens Healthcare GmbH, Erlangen, Germany). The slice thickness was 8–
10 mm, with a pixel size of (1.59–2.08× 1.59–2.08) mm2 and the spacing between
the slices was set to 10 mm. Each data set contained between 10 and 13 short axis
slices. Gold standard annotations of the LV endo- and epi-cardium were provided
by two clinical experts. The annotations were preformed using MITK [19]. The
observers were asked to outline the endocardial and epicardial contour separately.
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Table 1. Segmentation results for the endocardium (Endo), epicardium (Epi) and inter
observer variability using the Dice coefficient and the mean surface distance.

Endo Epi Inter Endo Inter Epi

Dice 0.83± 0.08 0.83± 0.08 0.95± 0.06 0.96± 0.05

MSD 3.55± 2.08 4.12± 2.11 0.89± 1.14 0.93± 1.13

Given the gold standard annotations, the segmentation was evaluated using
different measures, the volumetric Dice coefficient (DC) and the mean surface
distance (MSD). Furthermore, the inter-observability was evaluated. The eval-
uation itself was performed by a 5-fold cross validation, i.e. 20 sequences were
excluded from the training of the random forest classifier and used for test-
ing. In Table 1 the average values and the standard deviation of the computed
metrics are presented for the endocardium and epicardium. In Fig. 5 the quali-
tative results of the segmentation are presented. The first row depicts the raw
data from base to apex. The second row shows the gold standard annotation of
one clinical expert, where the endocardial contour is orange and the epicardial
contour green. The last row illustrates the result of the proposed segmentation
algorithm, where the endocardium is red and the epicardium yellow.

Fig. 5. Comparison of the segmentation result for one data set. From top to bottom:
native slices without any contours, gold-standard annotation from clinical expert, and
segmentation result of the proposed method. (Color figure online)
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The proposed approach was implemented in Python (single threaded, no
optimization) and needs less than 10 s for the entire segmentation on a computer
equipped with an Intel i7 2.8 GHz CPU and 16 GB of RAM.

4 Discussion and Conclusion

The presented work solely uses LGE-MRI data for the segmentation of the left
ventricle, compared to most work reported in literature, which make use of Cine
MRI and propagate the contours [6–9]. Albà et al. [20] computed directly the
contours from LGE-MRI. Our results are in the same range of the reported errors
in literature. However, a direct comparison to the method is not possible, as the
data sets differ.

The proposed method achieved a DC of 0.83 for the endocardium and epi-
cardium. The biggest differences occur in the basal region, as the delineation of
the left ventricular outflow tract is not always clear. The poor performance of
the MSD is mainly due to the larger error in the apex and the left ventricular
outflow tract. However, the results in the mid-cavity are convincing, which can
be seen in Fig. 5. It is expected, that incorporating a model will directly improve
the segmentation result.

In the course of this work, it has been shown that rather simple features
can be used for the boundary detection of the endocardium and epicardium. In
combination with a minimal cost path search, accurate and consistent results can
be achieved. The clear benefit of the method is the independence of registration
to Cine MRI and the speed.

Disclaimer: The methods and information presented in this paper are based
on research and are not commercially available.
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Abstract. Myocardial infarction results in changes in the structure and
tissue deformation of the ventricles. In some cases, the development of
the disease may trigger an arrhythmic event, which is a major cause of
death within the first twenty four hours after the infarction. Advanced
analysis methods are increasingly used in order to discover particular
characteristics of the myocardial infarction development that lead to the
occurrence of arrhythmias. However, such methods usually consider only
a single feature or combine separate analyses from multiple features in
the analytical process. In an attempt to address this, we propose to
use cardiac magnetic resonance imaging to extract data on the shape
of the ventricles and volume and location of the infarct zone, and to
combine them within one analytical model through a multiple kernel
learning framework. The proposed method was applied to a cohort of 46
myocardial infarction patients. The location, rather than the volume, of
the infarct region was found to be correlated with arrhythmic events and
the proposed combination of kernels yielded excellent accuracy (100%)
in distinguishing between patients that did and did not present at the
hospital with ventricular fibrillation.

1 Introduction

An ST-elevation myocardial infarction (STEMI) leads to alterations in loading
conditions which cause distinctive patterns of remodelling in infarcted and non-
infarcted zones of the myocardium. Such deformations can include dilatation,
hypertrophy, and regional thinning. To an extent, the magnitude of remodelling
can be anticipated by the location, volume, and transmurality of the infarct
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 161–171, 2017.
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region [1]. In 2–5% of cases of STEMI, ventricular fibrillation (VF) occurs before,
during or immediately after the primary percutaneous coronary intervention [2].

Cardiac Magnetic Resonance (CMR) imaging provides a non-invasive way
to gain insights into the structure and tissue characteristics of the heart. CMR
imaging followed by image processing can provide quantitative information on
the overall cardiac shape, level of fibrosis, presence of scar, and tissue deforma-
tion, which are increasingly used in assessing cardiac disease state and identi-
fying precursors of arrhythmic disorders. Numerous applications for statistical
analysis of such features, used either individually or separately, have been widely
described. However, combining the extracted features into one model could pro-
vide more effective and accurate analysis than predictions made on a single
characteristic, or many characteristics considered independently.

Multiple kernel learning (MKL) is a novel approach in machine learning which
is becoming increasingly popular in analyzing data where the similarity metrics
are not clearly specified or the data sets come from different sources. Instead
of taking into account results from detached models (as in ensemble methods),
MKL allows the use of multiple sources of information in one classification model.
MKL methods have been used recently to, for example, predict responders of
cardiac resynchronisation therapy [3].

In this study we sought to understand why, and in which patients, the first
symptom of STEMI is VF, as these patients are at greater risk of sudden cardiac
death. MKL algorithms were used to distinguish between first STEMI patients
presenting at the hospital with VF and patients presenting with non-arrhythmic
symptoms, based on features extracted from CMR data. Personalised three-
dimensional (3D) shape models, which required image segmentation and 3D
mesh generation, were used to acquire information about the overall shape of
the ventricles. Additionally, since CMR imaging enables tissue characterisation
through contrast (e.g. gadolinium) enhancement imaging [4], segmentation of
the infarct region was performed to obtain data on the volume and location
of the ischemic zone in the left ventricle (LV). Based on the shape and infarct
region information, an MKL classifier was trained and tested on a data set of 46
patients with the first STEMI.

2 Event-Based Classification from Shape
and Infarct Data

We propose a framework to distinguish between patients presenting with dif-
ferent symptoms from image-based features related to ventricular shape and
tissue characterisation. The process of data acquisition is divided into two parts,
with the shape features described in Sect. 2.1 and the infarct features shown in
Sect. 2.2. Construction of kernels used in the learning process is illustrated in
Sect. 2.3. A MKL method (described in Sect. 2.4) is used to account for the het-
erogeneity of the features for a single classification task. The proposed pipeline
is summarised in Fig. 1.
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Fig. 1. The proposed pipeline to go from CMR images to classification models. CMR
images are semi-automatically segmented to extract the infarct and shape information.
From the created models, the relevant data is obtained: shape descriptors and infarct
location and volume. Finally, different combinations of kernels are constructed and the
best combination is used in the MKL algorithm to perform classification.

2.1 Shape Features

The ventricular shapes are represented by surfaces; one each for the LV endo-
cardium and epicardium and right ventricle (RV) endocardium. We propose to
use an atlas-based approach to describe the shapes as deformations of an atlas,
to avoid the need to parameterise the shapes point-wise (which is challenging
due to the lack of identifiable landmarks). The atlas is computed from a group
of (spatially aligned) subject surfaces using a forward approach, as described in
[5]. Using the same framework, the deformation of every subject to the atlas is
computed using a large deformation diffeomorphic metric mapping (LDDMM)
method. The deformation of a new subject (not used in the atlas construction) to
the atlas can be computed similarly using the LDDMM framework. The result-
ing shape features are a matrix of displacement vectors for the atlas shape to
each subject.

2.2 Infarct Volume and Location

LV infarct region is identified from contrast-enhanced gadolinium images and
represented by either a global measure (volume/percentage of infarct in the LV
myocardium) or at a regional level (weighted infarct transmurality (WIT) per
region). Global infarct is represented by a scalar for each subject and regional
infarct is represented by a vector with the number of dimensions equal to the
number of regions.
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2.3 Kernel Based Functions

Support vector machine (SVM) is a classification algorithm based on the theory
of structural risk minimization [6]. SVM assumes that the data set consists of N
identically distributed, independent input samples xi (M-dimensional vectors)
and corresponding outputs yi ∈ {−1, 1}, i ∈ N . The aim of SVM is to find the
linear discriminant with the mapping function Φ: RM → R

L, which maximizes
the margin between samples differing in outcome in the feature space. This
discriminant function takes the form:

f(x) = 〈w,Φ(x)〉 + b,

where w ∈ R
L is the vector of weights and b is the bias term of the hyper-

plane separating the samples. The cost function takes the form of a quadratic
optimization problem:

minimize
1
2
||w||22 + C

N∑

i=1

ξi,

with respect to w ∈ R
L, ξ ∈ R

N
+ , b ∈ R,

subject to yi(〈w,Φ(xi)〉 + b) ≥ 1 − ξi ∀i,

where C denotes a trade-off between the classification error and the simplicity of
the margin, and ξ stands for the vector of slack variables (‘softness’ of margin).
This problem is not solved directly; instead the dual formulation of an optimiza-
tion in training the support vector machine classifier is tackled, in the form of
the Lagrangian dual function [6]:

maximize
N∑

i=1

αi − 1
2

N∑

i=1

N∑

j=1

αiαjyiyj〈Φ(xi),Φ(xj)〉,

with respect to α ∈ R
N
+ ,

subject to
N∑

i=1

αiyi = 0,

C ≥ αi ≥ 0 ∀i,

where k(xi,xj) = 〈Φ(xi),Φ(xj)〉 is the kernel function and α is the vector
containing dual variables, controlling separation constraints. With this problem
formulation, the discriminant function becomes

f(x) =
N∑

i=1

αiyik(xi,x) + b.

In machine learning, the kernel function is understood as a measure of similarity
and determines the distribution of similarities of points around a given point
in multi-dimensional space. There are a few kernel functions commonly used in
literature, including the linear kernel: kL(xi,xj) = 〈xi,xj〉 and the polynomial
kernel: kP (xi,xj) = (〈xi,xj〉 + p)q, q ∈ N.
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2.4 Classification via a Multiple Kernel Learning Framework

In modern machine learning methods, it is suggested to combine multiple kernel
functions and their corresponding parameters into one model, in order to utilize
data from various information sources, features of which may be compared using
different optimal similarity measures [7]. Such kernel functions are integrated
with a combination function, which assigns weights to each predefined kernel:

kη(xi,xj) = fη({km(xm
i ,xm

j )}P
m=1|η), (1)

where the combination function fη can be linear or non-linear and η is a set
of parameters that weighs the importance of every kernel. Each kernel function
{[km: R

D × R
D → R}P

m=1 takes P representations of D-dimensional feature
vectors of the separately transformed data instances xi = {xm

i }P
m=1. The com-

bination function (Eq. 1) is then used in SVM classification.

3 Arrhythmic Classification of Myocardial
Infarction Patients

3.1 Data Preparation

Myocardial Infarction Patient Data Set: We illustrate the proposed
method on a data set of patients with first ST-elevation myocardial infarction
from the GEVAMI study in Denmark [8]. Forty six patients with varying degrees
of infarction were considered (from 0.07% to 24.45%) with mean age ± standard
deviation = 56± 6, 34 male. Contrast-enhanced CMR images were acquired for
all patients using a gadolinium-based contrast agent. All patients were scanned
within three months after primary percutaneous stent intervention. Patients were
divided into two groups: a group of patients presenting with ventricular fibril-
lation (the case group, n = 21), and a group of patients presenting with other
non-arrhythmic symptoms (the control group, n = 25).

Segmentation and Pre-processing: The left ventricle endocardium and epi-
cardium, right ventricle endocardium, and left ventricle infarct were segmented
using the Segment software from Medviso [9]. Triangulated surface meshes for the
ventricles were created using the pipeline described in [10]. Using this pipeline,
the point clouds exported from Segment were aligned in space for all subjects
(removing differences of pose and orientation), and surface meshes were gener-
ated from the aligned point clouds.

Infarct Volume: The left ventricle infarct volumes were computed via Simp-
son’s rule [11]. These volumes for each group are plotted in Fig. 2 (left). To check
for the utility of the volume of ischemic zone in the left ventricle, we considered
the null hypothesis that the occurrence of arrhythmia has no effect on the size
of infarct. I.e. we checked for H0: μ1 = μ2 versus HA: μ1 �= μ2, where H0 is
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the null hypothesis, HA is the alternative, and μ1, μ2 are the mean ratios of the
ischemic zone in the first and second group. The numbers of patients in both
groups are similar (21 patients with arrhythmia and 25 controls) and the vari-
ances are alike, therefore a Two Sample t-test was conducted. Confidence level
of 95% is considered, thus we reject the null hypothesis for p-value < 0.05.

Figure 2 (left) clearly shows similarities between the groups, especially with
regard to the first (0.82% difference), second (0.07% difference) and third quartile
(0.17% difference), which might indicate a lack of relevance of this feature. The
conducted Two Sample t-test (with t-statistic equal to −0.67 and 44 degrees of
freedom) results in a p-value > 0.5, which confirms this statement. We cannot
reject the null hypothesis, therefore the information about the percentage of
volume of the left ventricle myocardium taken by ischemic zone was not included
in the classification, as it would decrease the performance of the model, rather
than improve it, by introducing noise.

Infarct Location: The impact of infarct zone location on the outcome was
checked in the same manner as the volume of the infarct region in the LV. With
a Two Sample t-test we analysed the null hypothesis that occurrence of the
arrhythmia does not influence the WIT percentage in each of the 17 segments.
What is more, the test for association between the individual features and the
event, using Pearson’s product-moment correlation coefficients has been calcu-
lated. The coefficients are visualised on a 17-Segment AHA plot (Fig. 2).

Out of the 17 segments included in the correlation test, two exhibit statisti-
cal significance: the mid-anterolateral segment (no. 12, correlation coef: −0.3313,
p-value = 0.0245) and the apical inferior segment (no. 15, correlation coef: 0.2976,
p-value = 0.0445). However, there is a significant difference in positive and neg-
ative correlation between the inferior and anterior walls, taken as a whole (cor-
relation coef: 0.2168, p-value = 0.0379), therefore information about the infarct
location was kept in the model.

Fig. 2. Left: Variation of global infarct volume for the control group (left boxplot)
and the arrhythmia group (right boxplot). Right: Heatmap presenting the correlation
coefficients between regional infarct burden and arrhythmias, depicted in a 17-Segment
AHA bulls-eye plot.
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3.2 Kernel Function Integration

In the process of combining the kernels, alignment-based MKL algorithms were
compared. Models were constructed using the MATLAB package described in
[7]. Combinations of linear and polynomial kernels (up to the fifth degree) were
tested. In order to find the optimal kernel weights, three methods were analysed
and used. The first one finds solution to a QCQP problem stated in [12], due to
its functional form referred to as ‘conic’:

maximize
P∑

m=1

ηm〈Ktra
m ,yyT〉F ,

with respect to η ∈ R
P
+,

subject to
P∑

m=1

P∑

h=1

ηmηh〈Km,Kh, 〉F ≤ 1,

where 〈KA,KB〉F =
∑N

i=1

∑N
j=1 k1(x1

i ,x
1
j )k2(x

2
i ,x

2
j ). The trace of the acquired

kernel matrix is denoted by Ktra
m , and yyT is the ideal kernel matrix in a clas-

sification problem with two classes. The second method solves the QP problem
described in [13] (‘convex’):

minimize
P∑

m=1

P∑

h=1

ηmηh〈Km,Kh, 〉F − 2
P∑

m=1

ηm〈Km,yyT〉F ,

with respect to η ∈ R
P
+,

subject to
P∑

m=1

ηm = 1.

Both of these parametrized combination functions are learnt by solving an opti-
mization problem. The target functions use a similarity metric to select the
combination function parameters which maximizes the similarity between the
optimal kernel matrix and combined kernel matrix. The last function is based
on a heuristic approach proposed in [14] (‘ratio’):

ηm =
A(Km,yyT )

P∑
h=1

A(Kh,yyT )
∀m,

where A() denotes kernel alignment [15]. This approach also uses a parametrized
combination function, but the parameters are found by examining alignment
acquired from every kernel individually as a measure of performance. The results
for each respective algorithm are summarised in Fig. 3.

3.3 Methodology and Parameters

The experiments were performed as follows: the entire data set was ran-
domly divided into a training set (41 samples) and a testing set (5 samples).
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Fig. 3. Left: Accuracy of the models with regard to the combination of kernels, accord-
ing to ‘conic’, ‘convex’ and ‘ratio’ algorithms and overall, given all values of hyperpa-
rameter C. Right: Accuracy of (a) all models and (b) the most accurate model (with
linear and polynomial kernel of the third degree) with regard to different values of
hyperparameter C according to ‘conic’, ‘convex’ and ‘ratio’ algorithms, and overall.

The division is necessary in order to test how well do the algorithms perform on
the unseen samples. Validation was performed in the form of a grid search with
each combination of parameters taken into consideration in a separate model.
Hyperparameters are trained via 10-fold stratified cross-validation. The models
learned from the training data and its accuracy were examined on the testing
set. The models were tuned in terms of the following parameters:

• the hyperparameter C (values 0.1, 0.3, 1, 3, 10, 30, 100, 300, 1000);
• the number of kernels (2, 3, 4 and 5 kernels);
• the combinations of kernels (linear (‘L’) and polynomial kernels of the second

(‘p2’), third (‘p3’), fourth (‘p4’) and fifth (‘p5’) degree;
• the algorithm, i.e. method of combining kernels (conic, convex, and ratio).

The performance of the models with all C values and for the three combining
kernel methods described in the previous section are summarized in Fig. 3, along
with the overall accuracy of the given kernel combinations. In all cases, the
combination of the polynomial kernel of third and fifth degree provided very good
accuracy (93.3%). When conic and convex algorithms were taken into account,
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combining linear and third degree polynomial kernels performed even better,
with 96.6% accuracy. In the case of the ratio algorithm, there were three other
well-performing combinations: {‘L’ + ‘p2’ + ‘p3’}, {‘L’ + ‘p2’ + ’p3’ + ‘p4’} and
{‘L’ + ‘p2’ + ‘p3’ + ‘p5’}, all with 96.6% accuracy. The optimal model in this
study was the one combining the linear kernel and polynomial kernel of the third
degree with the conic algorithm, with the value for regularization parameter C
anywhere between 3 and 300. The reason for this model being the optimal is
the simplicity of the model (which decreases the probability of overfitting and
misclassifying new samples), and its accuracy measured on the testing set.

4 Discussion

The experiments suggest that the proposed method is useful for identifying
patients according to whether or not they were hospitalised as a result of VF. In
this study, images from within 3 months of intervention were analysed, which is
a potential limitation due to the remodelling that can occur over time. Images
acquired closer to the intervention may be more discriminant.

In this study we summarised the results of all VF patients, not individually
looking at each patient. With more patients and a wider range of data the exact
regions and combinations of regions can be analysed in depth by for example
subgrouping patients according to the infarct region. Moreover, since shape data
processing can be a lengthy procedure, in the future studies combining other
sources of data can be considered, such as ECG recordings and accounting for
heterogeneity in the infarct regions.

The results suggest that the proposed method can be useful in distinguishing
between arrhythmic and non-arrhythmic patients, despite the fact that the scar
is treated as homogenous. Infarct burden in the lateral wall was found to be
the most correlated with VF; a result which implies that occlusion in the left
coronary artery (i.e. LCX, which supplies blood to the lateral wall) is more
associated with a risk of out-of-hospital VF than the right coronary artery (which
supplies blood to the inferior wall of the LV). The accuracy was highest when
both shape and infarct region information was included, highlighting the need
for methods such as MKL that can combine different types of features.

5 Conclusion

In this study we proposed a method to use a MKL classification algorithm in
order to differentiate patients according to the symptoms they presented with
at the hospital (arrhythmic vs. non-arrhythmic) based on bi-ventricular shape
features and volume and location of infarct in the left ventricle. The MKL algo-
rithm with the combination of a linear kernel and polynomial kernel of the third
degree provided excellent classification results when linear combination methods
are used. In addition, the location, rather than volume, of infarct was found
to be correlated to arrhythmia. The results suggest that shape remodelling and
scar location may be predictors of arrhythmic events, though the reasons for this
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remain unknown. Therefore in future studies, the mechanisms behind why the
different infarct locations did or did not lead to arrhythmia will be investigated.
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Abstract. Guiding catheters and guidewires are used extensively in pediatric
cardiac catheterization procedures for congenital heart diseases (CHD). Detecting
their positions in fluoroscopic X-ray images is important for several clinical
applications, such as visibility enhancement for low dose X-ray images, and co-
registration between 2D and 3D imaging modalities. As guiding catheters are
made from thin plastic tubes, they can be deformed by cardiac and breathing
motions. Therefore, detection is the essential step before automatic tracking of
guiding catheters in live X-ray fluoroscopic images. However, there are several
wire-like artifacts existing in X-ray images, which makes developing a real-time
robust detection method very challenging. To solve those challenges in real-time,
a localized machine learning algorithm is built to distinguish between guiding
catheters and artifacts. As the machine learning algorithm is only applied to
potential wire-like objects, which are obtained from vessel enhancement filters,
the detection method is fast enough to be used in real-time applications. The other
challenge is the low contrast between guiding catheters and background, as the
majority of X-ray images are low dose. Therefore, the guiding catheter might be
detected as a discontinuous curve object, such as a few disconnected line blocks
from the vessel enhancement filter. A minimum energy method is developed to
trace the whole wire object. Finally, the proposed methods are tested on 1102
images which are from 8 image sequences acquired from 3 clinical cases. Results
show an accuracy of 0.87 ± 0.53 mm which is measured as the error distances
between the detected object and the manually annotated object. The success rate
of detection is 83.4%.

1 Introduction

According to the American Heart Association, Congenital heart diseases (CHD) affect
an estimated 0.5% to 1% of all live births. They are responsible for up to 40% of all
deaths from congenital anomalies and account for 3.0–7.5% of all infant deaths. CHD
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has been traditionally treated with surgery. However, with remarkable advances of
interventional cardiology, the majority of congenital heart problems can be treated using
cardiac intervention procedures. The procedures are currently guided using X-ray fluo‐
roscopy, and generally involve guiding catheters and guidewires, which can be then used
to deploy interventional devices. Real-time guiding catheter and guidewire detection, is
essential for many image guided applications, such as visibility enhancement for low
dose X-ray images, and co-registration between 2D and 3D imaging modalities. As
intervention procedures are mainly for young patients with CHD, radiographer has to
use the minimum amount of X-ray radiation to guide the procedure. Therefore, the
majority of X-ray fluoroscopic images are low dose screening images, with little contrast
between guidewires and background. Low dose screening images are of low quality,
and are generally acquired to aid navigation (For higher quality, high dose cine images
can be acquired, which are well contrasted and less noisy than low dose screening
images). Furthermore, guiding catheters are often used to give essential backup support,
to assist in pushing interventional equipment over guidewires to the area to be treated.
However, the guiding catheters for congenital cardiovascular interventions (CCI) is
often made from plastic materials, which are less likely to injure vessels or other struc‐
tures inside the vascular compartment. However, as these materials are not radiodense,
there will be very little contrast for guiding catheters on the X-ray image when compared
to the guidewires. Those two challenges have made the detection of catheters more
difficult.

Conventional methods using region features, such as pixel intensity, texture and
histogram, cannot track guiding catheters or guidewires well [1]. Another category of
detection methods, such as active contours and level sets [2, 3], can be easily distracted
by image artifacts and other wire-like objects (see Fig. 1). Ma et al. [12] have developed
a catheter detection method based on blob detection. However, this method only works
on catheters with electrodes and will not detect guiding catheters or wires. Beyar et al.
[4] designed a guidewire detection method by using combination of a filter based
method, and the Hough transform, to extract wire-like objects and fit them with poly‐
nomial curves. This method would likely fail in our X-ray images, as there is no clas‐
sification between image artifacts and real wire-like object. Similarly, Baert et al. [5],
used image subtraction and template matching to enhance guidewires, but only detected
a part of the guidewire. More recently, Barbu et al. [6],Wang et al. [7], and Navab et al.
[8], had developed learning-based methods for guidewire tracking. Based on a database
of manual annotations for guidewires, Barbu et al., used a marginal space learning
method to track the target object. But overall, they only achieved tracking speed of one
frame-per-second (fps). Wang et al., utilized a probabilistic framework, and tracking
speed of 2 fps was achieved. All tracking methods need manual or semi-automatic initi‐
alization of guidewire models. Navab et al. applied a machine learning approach on
random generated deformable models to extract guidewires. However, this was not
tested on cases where guidewires have a sudden and large deformation movement.

To achieve real-time speed, and to overcome challenges of low contrast and image
artifacts, in this paper, a localized machine learning algorithm is developed. It is used
to classify wire-like objects into two categories: wire objects, and image artifacts. As
guiding catheters or guidewires have low contrast against the background in X-ray
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images, they could be represented as several disconnected wire objects. Therefore, an
energy minimum algorithm is developed to find an optimal wire object.

2 Methods

During CCIs, the first step is to push a guiding catheter toward the area to be treated,
which sometimes involves pushing the catheter into a narrow blood vessel (Fig. 2(a)).
Then, a guidewire is pushed through the guiding catheter (Fig. 2(b)). Finally, a treatment
device, such as a balloon or stent, is push along guidewire inside the guide catheter to
the target area and deployed.

(a) Guiding Catheter         (b) Guiding catheter and guidewire

Guiding catheter

Guidewire

Fig. 2. The Clinical workflow for guiding catheter and guidewire.

Guidewires used in CCIs are different from the guidewires shown in [7], as they have
to support interventional devices. Therefore, guidewires are thicker and less flexible
than examples shown in [7]. This makes the energy minimum method suitable for finding
both guiding catheters and guidewires in CCIs.

(a) Calcium deposits   (b) Calcium deposits and rib bones

Fig. 1. Image artifacts (indicated by red arrows) in X-ray images. (Color figure online)
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2.1 Image Pre-processing

A Multiscale vessel enhancement filter [9] is used to enhance the visibility of wire-like
structures in the X-ray images. It is based on the idea of approximating wire-like objects,
such as tubular or cylindrical structures [9]. In order to classify wire-likes structures, the
vessel filter algorithm finds the local coordinate system aligned with the wire and use
the curvature in these directions (x or y axis) to classify different structures. This involves
the following 5 steps. Step 1, the algorithm performs Gaussian smoothing by convolving
the 2D input image with a Gaussian kernel of the appropriate scale s. The Gaussian
kernel at position X = (x, y), and scale s is defined as follows:

G(X, s) =
1

2𝜋s2 exp(−
||X||2

2s2 )

The smoothed image L(X, s) is computed as L(X, s) = L(X) ∗ G(X, s), where ∗ is the
convolution operator. Step 2, the algorithm finds an orthogonal coordinate system
aligned with the local features in the image by forming and decomposing the 2 × 2
Hessian matrix at every image pixel. The Hessian matrix H

X,s consists of second order
derivatives that contain information about the local curvature. H

X,s is defined such as:

H
X,s =

||||
L

xx
(X, s) L

xy
(X, s)

L
yx
(X, s) L

yy
(X, s)

||||
Where, L

xy
(X, s) =

𝜕

𝜕x
(
𝜕

𝜕y
L(X, s)), and the other terms are defined similarly. Step 3,

the algorithm performs eigenvalue decomposition for Hessian matrix H
X,s. Step 4, the

algorithm uses the eigenvalues and computes the vessel classification. As H
X,s is a 2 × 2

matrix, there are two eigenvectors and eigenvalues at every image pixel. To quantify
any local structures in the image, the eigenvalues for each pixel are arranged in
increasing order such that ||𝜆1|| < ||𝜆2||. The ratio differentiates between wire-like
structures and blob-like structures, and is given by R = 𝜆1∕𝜆2. If R ≈ 1, detected struc‐
tures will be blob-like structures. Otherwise, they will be wire-like structures. Step 5, is
to apply the vessel filter repeatedly using different Gaussian scales to take into account
different vessel sizes within the 2D image.

The multiscale parameter s is one of the important parameters in the vessel enhance‐
ment filter. If s is set too high, guiding wires or catheters will be filtered out. If the range
of s is set too large, it will slow down the vessel enhancement filter dramatically. In
order to get the optimal result for enhancing guiding catheters, the multiscale s of Gaus‐
sian kernel should be centred at the average radius of target objects [9]. To calculate the
average radius, radii of several guiding catheters and guidewires used in clinical cases
are measured. To convert them into image pixel space, R

dicom
 pixel to mm ratio are

obtained from X-ray Dicom image header. Magnification factor M of X-ray system is
also estimated, which is based on M = D

det
∕D

pat
 (D

det
 is the distance from X-ray source

to the detector, and D
pat

 is the distance from X-ray source to the patient). The real pixel
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to mm ratio is defined as: R
xray

= R
dicom

∕M. The final multiscales is in the range of
2 ≤ s ≤ 6 (measured in image pixels).

2.2 Object Extraction

In order to reduce computational complexity, and achieve real-time detection speed, the
image, after applying the vessel enhancement filter, is binarized using Otsu’s method
[10] with an image mask. It is well known that X-ray image formation is governed by
Beer-Lambert law [13]. So the contrast of an object depends on the background. In order
to minimize the contrast variation, an image mask which covers the target objects
(guidewires or guiding catheters) is used to remove the background from the calculation
of Otsu’s method so that the contrast of target objects is directly related to their radio
density. The image mask is created from an image after applying the vessel enhancement
filter, which involves downsampling, dilation and thresholding using the average inten‐
sity. Figure 3 gives an example. Final step of binarization is to use Otsu’ method to
calculate the thresholding level only within the area of the image mask. Otsu’ method
is a non-parametrized and adaptive algorithm as it automatically determines the thresh‐
olding level based on minimizing the intra-class variance. Otsu’ method has been used
together with vessel enhancement filter for coronary sinus segmentation on X-ray image
[11].

(a) (b)                                         (c)

Fig. 3. (a) Image after applying the vessel enhancement filter. (b) After downsampling and
dilation. (c) After thresholding using the average intensity. It is the image mask used by Otsu’
method.

After binarization, a standard contour detection algorithm is applied to the binarized
image to get contours of wire-like objects. Because wire-like objects, such as guiding
catheters or guidewires, have different levels of contrast in X-ray images, they might be
detected as a completed contour (Fig. 4a), or as several blocks of contours (Fig. 4b).
Therefore, centerlines need to be computed among blocks of contours as the final results
of detection method.
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(a) (b)                                         (c)

(d)                                         (e)                                       (f )

Fig. 4. (a)(d) Origin X-ray images. (b)(e) Images after applying the vessel enhancement filter.
(c)(f) Centerlines of contour blocks. Blue rectangles are the line blocks. The green rectangles are
the minimum area rectangles of contour blocks. The yellow curves/lines are centerlines. (Color
figure online)

To save computational cost, minimum area rectangles of contours are computed. A
contour block can be classified as a line block if the width of its minimum area rectangle
is less than 8 pixels. 8 pixels is calculated from the average of multiscale

s̄ =
2 + 6

2
= 4, and 8 = 2s̄ as the width of minimum area rectangle should be the diam‐

eter of wire-like object. If a contour block is a line block, the centerline can be approxi‐
mated by the middle straight line of the minimum area rectangle (Fig. 4f). Otherwise,
the centerline of the contour block can be computed by using the algorithm described
in Fig. 5.

In the hierarchy of contours, outer contours are called as parent and inner ones as
child. If contours have children contours, it must have loops or intersections. In the final
step of the algorithm, if the algorithm finds several middle points, the middle point which
is closest to the current orientation vector will be selected. However, In the case of
contour self-intersection, in order to increase the robustness, the algorithm will continue
to find new middle points along the current orientation vector. The location of self-
intersection can be detected by using children contours. The new orientation vectors are
calculated from the new middle points. The middle points which create a sharp turning
(<90°) between the current and new orientation vectors are removed. The final result is
a smooth curve or line.
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2.3 Object Classification

Although the vessel enhancement filter can enhance and detect wire-like objects, it could
still be affected by some image artifacts, such as calcium deposits and rib bone boun‐
daries (Fig. 1). In order to recognize image artifacts, a k-nearest neighbour (KNN) algo‐
rithm is used to separate target objects, such as guiding catheters and guidewire from
image artifacts. Instead of applying KNN on the whole image to detect artifacts, a local‐
ized KNN image classifier is developed to process only wire-like objects, which are
obtained from the previous object extraction step. First, 50 sample images of artifacts
(negative data) and 50 sample images of target objects (positive data) are extracted from
line blocks or contour blocks. They are manually labelled. The orientation vectors are
computed and sample images are organized around the detected main axis. Then, the
sample images were flipped along the X and Y axis to create a total of 200 sample images
for both positive and negative data. This not only increases the number of training
samples, but also solves the asymmetrical problem. The size of sample images is 20 × 40
pixels. Figure 6 gives some examples. There are some bended wire images in positive
data, which gives some flexibilities for KNN to recognize bended wires or catheters. All
positive and negative sample images are normalized so that they all have the same value
of the average intensity. This step is to prevent the wrong classification which is caused
by the difference in the average intensity between two images. To normalize the image

Fig. 5. Flow chart of finding the centerline from a contour block
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intensity, the image is subtracted by the intensity mean and then divided by the standard
deviation of the intensity.

(a) Positive data including guiding catheters and guidewires

(b) Negative data such as calcium deposit and rib bones

Fig. 6. Training samples for KNN (before the intensity normalization).

In current implementation, 5 nearest neighbours are used for KNN classifications.

KNN uses Euclidean distances which are d(p, q) =

√∑N

i−1(pi
− q

i
)2. Some of failed

classifications are illustrated in Fig. 7.

(a) (b) (c)

Fig. 7. Failed classifications for negative data (artifacts were classified as wire objects). (a)
Intersection with a catheter. (b) X-ray contrast agent injection. (c) Calcium deposit.

Contour block 
Contour block 

Fig. 8. Connecting angles between 2 contour blocks

As in the previous step, centerlines of contour blocks have been already computed,
sub-images of 20 × 40 pixels can be extracted using centerlines and they will be normal‐
ized before feeding into the KNN image classifier. An example of classification is shown
in Fig. 9d and f.
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(a) (c)                                       (e)

(b)                                            (d)                                       (f )

Fig. 9. (a)(c)(e) Origin X-ray images. (b)(d)(f) Purple lines are the detected guidewires. (d)(f)
Blue rectangles are the contour blocks which are classified as image artifacts. The figures are best
viewed in color. (Color figure online)

2.4 Wire Curve Reconstruction

As there are many different ways to connect neighbour contour blocks, a minimum
energy method is used to choose the smooth curve for the completed guiding catheter
or guidewire. It could be defined as E(s) = ∫ ||d2

C(s)∕ds
2||2ds, where d2

C(s)∕ds
2 is the

second order derivatives of catheter/guidewire curves. When the curve has C1 continuity,
it is a smooth curve. This mean that there are no sharp turning when connecting two
contour blocks. Sharp turning is defined as (𝛼

i
+ 𝛼

i+1) > 90◦. A modified discrete energy

function E(s) = n +
n−1∑
i=0

(−cos𝛼
i
), where 𝛼

i
 is the connecting angle between the contour

block and the connecting line (see Fig. 8).
The distances between neighbour blocks should be also taken into consideration in

the energy function. The final energy function is defined as

E(s) = n +
∑n−1

i=0 (−cos𝛼
i
) + n ∗

∑n∕2−1
i=0 d

i

L
 where d

i
 is the distance between two neigh‐

bour blocks and L is the total length of reconstructed wire. The final part of the energy
function is to minimize the distances between two neighbour blocks. The curve recon‐
struction algorithm uses a local optimization strategy as it is designed for real time
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processing. If the algorithm has to calculate all possible reconstruction paths (permuta‐
tions), it will not be efficient for real-time processing. Also it will introduce delays in
processing some images in the image sequence and will result in inconsistent frame rate
of detection, as the number of found blocks varies from one image to another. Instead
of calculating all permutations of all found blocks, we start with the longest blocks and
search both ends for the next few blocks (in the current implementation, 3 blocks are
used). After searching all possible paths, the one with minimum value of energy function
is chosen.

3 Results

The localized machine learning method (KNN), was trained using 200 positive and
negative sub-images, which are manually extracted from 25 X-ray images. They were
acquired during 2 clinical cases. The proposed detection method was tested on 8 image
sequences (1102 images), acquired in 3 different clinical cases. The frame size of each
sequence is 512 × 512, with the pixel size between 0.368 mm and 0.433 mm. To establish
ground truth for evaluation, guiding catheters or guidewires are manually annotated by
a clinical expert. An annotated object starts from the edge of the image and ends at its
tip. They are used as the ground truth for accuracy tests. The overall detection precision
is 0.87 ± 0.53 mm, which is defined as the average of shortest distances from points on
a detected object to the corresponding annotated object. Furthermore, the shortest
distances from the points in the annotated object to the detected object are calculated,
which carries the penalty for not recovering the total length of the object in the ground
truth. The result is 0.91 ± 0.62 mm, which is slight worse than the previous evaluation.
The tip tracking precision is 0.54 ± 0.36 mm for catheter tip and guidewire tip. The
overall successful rate of detection is 83.4%. For the technique to be acceptable in clinical
practice, failed detections are considered to be the ones where any points on the detected
object has larger errors than a preset threshold (e.g., a threshold of 4 image pixels [7] is
used in this evaluation, which is the average radius of guidewires).

The major computational load of the proposed method is the vessel enhancement
filter algorithm. The software of the proposed method was implemented using OpenCV,
and currently achieves a frame rate of 15 fps using a single-threaded CPU implemen‐
tation. The performance was evaluated on an Intel Core i7 2.7 GHz laptop.

4 Conclusions and Discussions

This paper describes a real-time guiding catheter and guidewire detection method. The
proposed method does not require any user interaction or prior models. As the method
is integrated with a localized machine learning algorithm, it can robustly distinguish
between wire-like target objects and image artifacts. Therefore, the proposed method
can efficiently and robustly work on low-dose X-ray images with a frame rate of 15 fps.
This frame rate is considered as real-time for cardiovascular intervention procedures as
the average maximum frame rate for modern intervention X-ray systems is 15 fps. The
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detected models of guiding catheters or guidewires could be fed into a template-based
tracking method, which can produce an even faster guidewire tracking method.

The proposed method is not limited to detect or track guiding catheters or guidewires.
With some modifications of the localized machine learning algorithm, it can potentially
detect intervention devices such as balloons, stents, and coils. Therefore, based on the
proposed method, a general detection and tracking framework could be developed and
used in CCI procedures, as well as other cardiac intervention procedures.

5 Disclaimer

Concepts/information are based on research and are not commercially available.
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Abstract. Feature tracking Cardiac Magnetic Resonance (CMR) has
recently emerged as an area of interest for quantification of regional car-
diac function from balanced, steady state free precession (SSFP) cine
sequences. However, currently available techniques lack full automa-
tion, limiting reproducibility. We propose a fully automated technique
whereby a CMR image sequence is first segmented with a deep, fully
convolutional neural network (CNN) architecture, and quadratic basis
splines are fitted simultaneously across all cardiac frames using least
squares optimization. Experiments are performed using data from 42
patients with hypertrophic cardiomyopathy (HCM) and 21 healthy con-
trol subjects. In terms of segmentation, we compared state-of-the-art
CNN frameworks, U-Net and dilated convolution architectures, with and
without temporal context, using cross validation with three folds. Perfor-
mance relative to expert manual segmentation was similar across all net-
works: pixel accuracy was ∼ 97%, intersection-over-union (IoU) across all
classes was ∼ 87%, and IoU across foreground classes only was ∼ 85%.
Endocardial left ventricular circumferential strain calculated from the
proposed pipeline was significantly different in control and disease sub-
jects (−25.3% vs −29.1%, p = 0.006), in agreement with the current
clinical literature.

Keywords: Regional cardiac function · Cardiac magnetic resonance ·
Deep convolutional neural networks · Quadratic basis splines · Least
squares optimization

1 Introduction

Quantification of regional cardiac function is of utmost importance in the
characterization of subtle abnormalities which may precede changes in global
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Match Successive Pairs of Frames

Match Each Frame to End Diastole

Fig. 1. Schematic of traditional feature tracking methods. Each arrow represents a
single pairwise registration between a fixed and moving image, and produces a dis-
placement field. Through combinations of resampling, averaging, and regularization,
these displacement fields are combined to form a final sequence of fields representing
cardiac motion.

metrics [1]. Harmonic phase (HARP) analysis [2] of tagged cardiac magnetic
resonance (CMR) images is the gold-standard for regional function, but has
not been adopted clinically due to lengthy acquisition and analysis. Moreover,
HARP analysis is difficult to apply to chambers other than the left ventricle
(LV) due to the thinness of the myocardial wall in the atria and right ventricle
(RV). Recently, feature tracking (FT) has emerged as a promising alternative
to tagging [3]. Because FT-CMR can be applied to balanced steady state free
precession (SSFP) images, acquisition of specialized image sequences is avoided.
Moreover, because FT-CMR primarily tracks myocardial borders and trabecula-
tion, the thinness of the atrial and right ventricular myocardium does not hinder
tracking.

Despite recent interest in FT-CMR, two important challenges remain. First,
all current commercially available implementations (MTT, TomTec, CMR42)
require manual contouring of one or more cine frames, preventing full automa-
tion and reducing reproducibility. Second, FT generally has been implemented by
repeatedly applying methods designed to determine a displacement field between
a single pair of images (e.g., optical flow, block matching, deformable regis-
tration), rather than an image sequence; either matching successive pairs, or
matching each frame to a single reference, typically end diastole (ED, Fig. 1).
Each of these approaches has well-known potential drawbacks [4], which may be
overcome by empirically optimizing over all frames simultaneously [5].

Here, we propose a method for FT-CMR analysis which overcomes the first
of these challenges by using a deep learning approach in place of human con-
touring. Deep convolutional neural networks have been used to great effect in
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image classification [6,7], and semantic segmentation [8,9]. Recently, CNNs have
also shown state-of-the-art performance in biomedical image analysis [10,11].
CNN segmentation of short axis CMR has been applied to the LV blood-pool
[12], the RV blood-pool [13], and both simultaneously [14]. Here, we perform
segmentation of the LV myocardium, LV blood-pool, and RV blood-pool. More-
over, we apply the segmentation to patients with HCM, which increases the
complexity of the problem due to the highly variable appearance of the LV in
these patients.

The second of these challenges we address by fitting quadratic basis splines
to the segmentation data jointly, rather than frame by frame, adapting the tech-
nique presented in [5,15] in the context of cardiac ultrasound. In our pipeline,
extraction is performed using a CNN, tracking is performed with simultaneous
spline optimization, and cardiac strain is estimated from the registered splines.

2 Methods

Broadly, the automated analysis pipeline involves three steps: feature extrac-
tion (segmentation), feature tracking (spline fitting), and calculation of func-
tional parameters (strain estimation). These steps are discussed in detail in the
following sub-sections.

Fig. 2. Architecture of the basic network (Network A). The input image is of size
128×128×N , where N is the number of channels (1 in networks A and B, 2 in networks
C and D). Each blue and black box corresponds to a multilingual feature map (black
indicates the result of a copy). The dimensions of the feature maps are indicated in the
figure as first spatial dimension × second spatial dimension × channels. The number
of channels in each feature map is fixed at 128. The dashed yellow box is replaced by
dilated convolution in networks B and D. (Color figure online)
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2.1 Segmentation

Following the work of [8,10,11], we designed our segmentation architecture as
a fully convolutional network. In order to obtain a segmentation map with the
same spatial resolution as the input image, up-sampling operators are used to
replace the pooling operators in traditional classification networks. This strategy
enables our network to segment arbitrarily large images.

As shown in Fig. 2, the architecture consists of a down-sampling path (left)
followed by an up-sampling path (right). During the first several layers, the
structure resembles the canonical classification CNN [6,7], as a 3×3 convolution,
rectified linear unit (ReLU), and 2 × 2 max pooling are repeatedly applied to
the input image and feature maps. In the second half of the architecture, we
“undo” the reduction in spatial resolution by performing 2×2 up-sampling, ReLU
activation, and 3 × 3 convolution, eventually mapping the intermediate feature
representation back to the original resolution. To provide accurate boundary
localization, low-level feature representations from the down-sampling path are
concatenated with the feature maps from the up-sampling path. For all layers,
we apply 128 trainable kernels. We performed batch normalization [16], which
has been shown to increase generalizability, between each pair of convolution
and ReLU activation layers.

Table 1. CNN architecture variants considered. Note: ED = End Diastole; DC =
Dilated Convolution.

Name Variant Input size Temporal context

Network A U-Net 128 × 128 × 1 None

Network B DC 128 × 128 × 1 None

Network C U-Net 128 × 128 × 2 ED Frame

Network D DC 128 × 128 × 2 ED Frame

In addition to this basic architecture (Network A), we varied the amount of
temporal context by either inputting the input image alone, or the input image
and ED image together. We based this on the intuition that the papillary mus-
cles, which frequently interfere with LV segmentation, are least compacted at ED
and may guide the segmentation of the input frame. Additionally, in Networks
B and D, the final up-sampling/down-sampling pass was replaced by a dilated
convolution (DC). All architectures have ∼ 3.1 million trainable parameters.
The architectures tested are summarized in Table 1.

2.2 Quadratic Bézier Curve Registration

Following semantic segmentation, contours defining the boundaries of the LV
endocardium, LV epicardium, and RV endocardium were extracted through
standard morphological operations. In this work, the pixels belonging to these
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contours are known as “boundary candidates.” Unfortunately, these contours
cannot be used directly to quantify cardiac function, because they lack anatom-
ical correspondence between frames. It is the aim of this section to describe an
optimization procedure for jointly registering a sequence of closed, quadratic
Bézier curves to these boundary candidates.

A segment of a closed Bézier curve B of degree d parameterized by r ∈ [0, 1]
is a linear combination of d + 1 control points xi : 0 ≤ i ≤ d,

Bd(r) =
d∑

i=0

bi,d(r)xi,

where bi,d(r) is the ith Bernstein polynomial of degree d,

bi,d(r) =
(

n

i

)
(1 − r)n−i

ri,

and
(
n
i

)
, often read aloud as “n choose i”, is the binomial coefficient,

(
n

i

)
=

n!
i!(n − i)!

.

For d = 2, B2(r) expands to

B2(r) = (1 − r)2x0 + 2r(1 − r)x1 + r2x2,

which may be more conveniently expressed in terms of the monomial basis as

B2(r) =
[
x0 x1 x2

]
⎡

⎣
(1 − r)2

2r(1 − r)
r2

⎤

⎦ =
[
x0 x1 x2

]
⎡

⎣
1 −2 1
0 2 −2
0 0 1

⎤

⎦

⎡

⎣
1
r
r2

⎤

⎦ .

Importantly, the first and second derivatives of B2(r) with respect to r are
trivial to compute.

2.3 Formulating the Optimization

Levenberg-Marquardt least squares optimization [17] is used to register a set
of closed, quadratic Bézier curves to the boundary candidates. The parameters
ΔX ∈ R

2×(C×K) (where C is the number of control points in a single curve
and K is the number of cardiac phases) of the optimization are Cartesian dis-
placements to the control points of all template curves across all frames. A fixed
number of points uf,j,r were sampled across each curve. At each step in the opti-
mization, for each of these points, the nearest boundary candidate φ (uf,j,r) was
calculated, where φ : R2 → R

2. This was computed efficiently by representing
the boundary candidate point set at each frame as a Kd tree. The Cartesian com-
ponents of the distance between the points sampled from the curve and nearest
boundary candidate were the residuals of Ecf , the first term of the cost function,
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Ecf =
∑

f,j,r

‖uf,j,r − φ (uf,j,r) ‖2. (1)

Additionally, two regularizers were included to enforce physical constraints
of anatomical deformation: control point acceleration and spline curvature.

In our cost function, the control point acceleration regularizer allows informa-
tion to be shared between frames. At a minimum, regularizing against control
point velocity as in [5] is necessary to maintain anatomical consistency (the
assumption that, for fixed j and r, uf,j,r corresponds to the same material
point ∀f). By regularizing against acceleration rather than velocity, our method
additionally encourages smooth, biologically plausible motion. The control point
acceleration regularizer Eac was defined as the Cartesian components of the sec-
ond differences between corresponding vertices xf,c in three adjacent frames,
where xf,c is the (f × C) + cth column of X.

Eac =
∑

f,c

∥∥∥∥∥∥

[
1 −2 1

]
⎡

⎣
x�
(f+2) mod K,c

x�
(f+1) mod K,c

x�
f,c

⎤

⎦

∥∥∥∥∥∥

2

(2)

Curvature for segment j in frame f is the second derivative of B2(r) with
respect to r.

Ecv =
∑

f,c

∥∥∥∥
d2B2(r)

dr2

∥∥∥∥
2

(3)

The overall optimization problem may then be written in terms of Eqs. 1, 2,
and 3 and corresponding scaling factors. Scaling factors ρcf = 10.0, ρac = 1.0,
and ρcv = 0.1 were set empirically to prevent any single term from dominating
the optimization.

E = min (ρcfEcf + ρacEac + ρcvEcv)

Two points relating to computational efficiency are worth noting. First, the
Jacobians of Eqs. 1, 2, and 3 can all be calculated analytically. By providing
explicit Jacobians, we avoid the need for numeric derivatives, which would slow
computation precipitously. Moreover, for a given set of correspondences between
surface positions and boundary candidates, the Jacobians of all residuals are
linear with respect to the Cartesian displacements of the control points and
therefore trivial to calculate. Second, each individual residual depends upon a
very small number of parameters. Specifically, each individual residual depends
on exactly three control points (six parameters). This sparsity is exploited during
the optimization to limit the number of components of the Jacobian which must
be evaluated, further reducing computational cost.

Following the initial fit, the spline is subdivided and used to initialize a second
optimization, and this process is repeated one further time. This multiresolution
approach has benefit over registering the highly subdivided spline directly, which
can be sensitive to initialization.
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3 Experiments

3.1 Segmentation

The LV myocardium, LV blood-pool, and RV blood-pool were manually seg-
mented in 189 short axis 2D+time volumes (basal, equatorial, and apical cine
series from each of 63 subjects). The papillary muscles of the LV were excluded
from the myocardium. The subjects were partitioned into three folds of approx-
imately equal size such that the images from any one subject were present in
one fold only. The volumes were cropped to 128 × 128 pixels in the spatial
dimensions, and varied from 25 to 50 pixels in the time dimension, totaling
2706, 3000, and 2775 images in the three folds, respectively. For each of the four
architectures (U-Net and DC with and without temporal information), three
models were trained on two folds and tested on the remaining fold. The images
were histogram equalized and normalized to zero mean and unit standard devi-
ation before being input into the CNN. The network weights were initialized
with orthogonal weights [18], and were trained with standard stochastic gradient
descent (SGD) with momentum (0.9) by optimizing categorical cross entropy.
Learning rate was initialized to 0.01 and decayed by 0.1 every 32 epochs. To
avoid over-fitting, we used considerable data augmentation (horizontal and ver-
tical flipping, random translations and rotation) and a weight decay of 10−4.
Accuracy was measured as pixel accuracy between the prediction and manual
segmentations. The model was implemented in the Python programming lan-
guage using the Keras interface to Tensorflow [19], and trained on one NVIDIA
Titan X graphics processing units (GPU) with 12 GB of memory. For all net-
work architectures, it took roughly 200 s to iterate over the entire training set
(1 epoch). At test time, the network predicted segmentations at roughly 75
frames per second (real-time).

3.2 Tracking

Short axis (SA) scans from 42 subjects with overt hypertrophic cardiomyopathy
(HCM) and 21 control subjects were segmented as described above. For each
scan, the LV endocardium, LV epicardium, and RV endocardium were tracked
using the spline optimization method. The tracking algorithm was implemented
in the C++ programming language using the Insight Toolkit (ITK) for reading,
writing, and manipulating images and point sets, and using the Ceres Solver for
least squares optimization. The three registration passes took ∼ 2.1s per cine
sequence.

3.3 Regional Function

Following tracking, registered splines from the 63 subjects were used to calculate
global strain. For each structure in each SA plane, global strain was compared
between HCM and control subjects using the Student’s t test.
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4 Results

In terms of segmentation, performance relative to expert manual segmentation
was similar across all networks: mean pixel accuracy was ∼ 97%, intersection-
over-union (IoU) across all classes was ∼ 87%, and IoU across foreground classes
only was ∼ 84%. However, inspection of the images revealed that a single subject
with severe, nonuniform illumination was incorrectly segmented by all networks,
with a disproportionate effect on mean performance metrics. For this reason,
median values are also reported. Broadly, performance improved with the addi-
tion of temporal context over the target frame alone, and with the dilated convo-
lution (DC) networks compared with the U-Net networks (Table 2). Therefore,
Network D was selected to provide segmentations for the tracking data.

Table 2. Network performance compared with expert manual segmentations.

Name Description Metric Pixel
accuracy

IoU (All) IoU (Foreground)

Network A U-Net, No context Mean 0.977 0.874 0.838

Median 0.981 0.885 0.851

Network B DC, No context Mean 0.977 0.876 0.840

Median 0.981 0.886 0.853

Network C U-Net, Context Mean 0.976 0.874 0.838

Median 0.981 0.887 0.855

Network D DC, Context Mean 0.976 0.873 0.837

Median 0.981 0.888 0.855

Fig. 3. Spline registration was conducted in successive passes (left to right), where the
output of one was subdivided and used to initialize the next. LV and RV tracking results
are shown above and below, respectively. Note especially regions of acute curvature,
such as the insertion of the RV on the LV, which improves from left to right as the
granularity of the spline increases.
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Table 3. Circumferential strain results. (†: Significant at the p < 0.05 level.)

Plane Structure Control (%) Overt (%) p

Base LV endocardium −26.3 −29.0 0.098

LV epicardium −11.8 −11.7 0.952

RV endocardium −11.9 −14.3 0.529

Midslice LV endocardium −25.3 −29.1 0.006†

LV epicardium −8.8 −8.5 0.661

RV endocardium −8.0 −12.7 0.152

Apex LV endocardium −25.5 −28.6 0.110

LV epicardium −10.7 −9.9 0.470

RV endocardium −13.8 −12.4 0.566

Left Ventricle Right Ventricle
End Diastole End Systole End Diastole End Systole

Control

Overt

Fig. 4. Representative segmentation and tracking results in a control subject (top) and
a patient with overt HCM.

Tracking was performed in three passes (Fig. 3), where the output of one pass
was subdivided and passed to the next pass. In each pass, the contours tighten
towards the segmentation, allowing for acute structures such as the RV insertion
points to be better described. Compared with registering a highly subdivided
spline directly, this technique avoids local minima and converges faster.

The relationship between strain values measured in the control and overt
groups was consistent with other studies [20]. In particular, circumferential strain
measured in the equatorial LV endocardium was higher (more negative) in overt
subjects relative to control subjects (−29.1 vs −25.3, p = 0.006). Detailed cir-
cumferential strain results are given in Table 3.

Representative segmentation and tracking results are shown for control and
overt subjects (Fig. 4). The model learned to avoid the papillary muscles of the
LV myocardium and performed well even in subjects with severe hypertrophy.
Tracking visually followed the contours of the segmentation closely.
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5 Conclusions

Measuring cardiac function in a fully automated way from SSFP CMR has the
potential to simplify quantification of regional cardiac function, and expedite
clinical adoption. We have presented a fully automated pipeline for cardiac seg-
mentation, tracking, and estimation of cardiac strain. We obtained segmentation
results with and without temporal context in U-Net and DC architectures, and
found improvements with temporal context, as well as in DC architectures. The
best-performing architecture (Network D) had a median pixel accuracy of 0.981,
all-class IoU of 0.887, and foreground IoU of 0.855. We then presented a feature
tracking algorithm taking these segmentations as input and jointly optimizing a
set of quadratic splines over all frames simultaneously. We applied this segmenta-
tion and tracking to the LV endocardium, LV epicardium, and RV endocardium
of healthy and disease subjects, and found statistically significant differences
between control and overt HCM subjects consistent with previous studies.

Our algorithm is novel in three principal ways. First, in terms of applica-
tion, the wide anatomical variability observed in subjects with overt HCM make
segmentation a particularly difficult problem; this work is the first to demon-
strate that CNN-based segmentation is effective in these subjects. In addition,
we have directly compared dilated convolution and U-Net architectures to select
an appropriate state-of-the-art architecture solution to this problem. Second, a
persistent problem in FT-CMR is the interference of the papillary muscles in
cardiac segmentation; we have demonstrated that deep learning neatly solves
this problem, and are unaware of deep learning segmentation being used for
FT-CMR before. Third, the spline optimization method presented avoids the
errors inherent to the various pairwise sequential and reference frame formula-
tions ubiquitous in the feature tracking literature to date.

Notably, all networks failed to segment a single case with severe nonuni-
form illumination. Augmentation during training to counteract this effect will
be the subject of future work. Moreover, because only edge features are tracked,
our method suffers from the so-called “aperture-problem,” such that anatomical
correspondence may not be reliable. In future work, we will incorporate features
from our pre-trained CNN into the spline optimization to mitigate this effect.
However, this may be a fundamental limitation of FT-CMR where trabeculation
is minimal, such as when measuring LV endocardial strain in the basal slice.

In conclusion, we have presented a fully automated pipeline which addresses
a number of longstanding challenges to the adoption of FT-CMR, and tested
this pipeline successfully in the context of a difficult clinical problem.
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Abstract. Image-guided, pre-operative planning is fast becoming the
gold standard for navigating real-time robotic cardiac surgeries. Plan-
ning helps the surgeon utilize the amended quantitative information of
the target area and assess the suitability of the offered intervention tech-
nique prior to surgery. In apex access aortic valve replacements, safe
zone generation for the penetration of delivery module along the left
ventricle (LV) is a crucial step to prevent untoward cases from emerging.
To address this problem, we propose a computational core, which is to
locate left ventricle borders and specifically papillary muscles (PM), cre-
ate an obstacle map along the left ventricle (LV), and ultimately extract
a dynamic (off-line) trajectory for tool navigation. To this end, we first
applied an isotropic diffusion on short-axis (SA) cardiac magnetic res-
onance (CMR) images. Second, we utilized an active contour model to
determine the LV border. Third, we clustered the LV crops to locate the
PM. Finally, we computed the centroids of each of the LV segments to
determine the safest path for an aortic delivery module.

1 Introduction

Image guidance for cardiac surgeries has been used primarily to provide infor-
mation for planning the performance of complex interventions into the beating
heart [1]. Cardiac magnetic resonance (CMR)-guided imaging—especially for
this case—during the pre-surgery stage provides the capability of assessing the
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 195–203, 2017.
DOI: 10.1007/978-3-319-59448-4 19
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adequacy of the proposed intervention technique. There are three critical vari-
ables that need to be assessed quantitatively to conduct a promising plan for a
transapical-access, aortic-valve implantation, which are the following:

1. The angle between the LV and aorta,
2. The aortic root area, and
3. The dynamic safest path calculation along the LV. These are the most crucial

markers during the planning stage [2].

Among these three variables, the safest dynamic corridor calculation is required
for orienting the delivery module safely along the determined LV corridor with-
out damaging the heart walls or mitral valve leaflets, as well as avoiding possible
untoward cases during transapical access. In this paper, we created a compu-
tational pipeline to determine the safest path that takes into account the spa-
tiotemporal movement of the LV and the existence of papillary muscles on any
LV slices. Our method is to avoid harm of the heart wall from the delivery tool
and to have the tool maintain a safe distance from the papillary muscles.

Up till now, a considerable number of approaches have been proposed to
compute the safest corridor for the route of the delivery module in TA-AVI.
Yeniaras, et al. [3] offered a method of updating a cylindrical corridor on-the-
fly, which leans from the apex to the aortic annulus, by projecting multi-slice
dynamic short-axis (SA) MR images onto single-slice, real-time, Long-Axis (LA)
MR images. Zhou, et al. [4] used particle filters to trace the landmarks of the
heart, such as apices, mediums, valves, and centroids using LA and SA images.
Both methods rely on the fact that the safest path can be concatenated on the
centroids of SA slices. However, these authors used cine images and did not
take the papillary muscles into consideration, which caused the pre-operative
planning to be less accurate and unrealistic. Bayraktar, et al. [5–7] adopted
similar methods to [3], such as delineating the LV along the heart cycle by using
an active-contour model, and computed the centroids of segments to generate a
safe path along the LV. However, this method also did not examine the impact of
papillary muscles on the computation of centroids. This poses a contrast to the
logic of path planning that requires the delivery tool to maintain a considerable
distance from heart walls and papillary muscles. To this end, as an enhancement
to the existing path-planning methods for aortic delivery, we propose to use
density-based spatial clustering of applications with noise (DBSCAN) [8,9] to
locate so-called islands (papillary muscles) on the LV crops that are extracted
by a hybrid active-contour model.

2 Methodology

We trace the LV boundary in a spatiotemporal fashion. To perform that, we first
apply Perona-Malik filtering on the SA slices. This helps us smooth the papillary
muscles on the surface of the LV. Then, we apply a region-based, active-contour
model to delineate the LV border. Note that we locate a rectangular region of
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interest (ROI) anywhere on the LV, and this evolves toward the edge of the endo-
cardium.The center of the segmented contour is propagated over the slices as a seed
of a chosen ROI so that automation is confirmed for LV segmentation throughout
MR sequences. Below are technical details about the computational pipeline.

2.1 Filtering

Perona-Malik [10] filtering constrains the smoothing at strong edges to preserve
the semantically significant information. The diffusivity function is derived as in
the following

g(∇(I)) =
1

1 +
√

1 + ∇(I2)
γ2

(1)

where g∇(I) represents the diffusion coefficient, and ∇(I) the gradient map of
image I. As can be inferred from Eq. 1, ∇(I) and g are inversely proportional
to maintain the philosophy of the Perona-Malik method, which is to keep the
strong edges. γ is a constant to control the sensitivity against gradients on the
image domain. The diffusion process will decline at the regions where | ∇I |� γ.

2.2 Segmentation

LV border delineation is performed in this step. We adopted a region-based active
contour method proposed by Chan-Vese [11], which is to deform a curve toward
object outlines using global image statistics. A known weakness of this method is
to be sensitive to intensity inhomogeneity and voluminous noises in the vicinity
of the LV edge (i.e. papillary muscles). Notably, we overcame this handicap by
the aforementioned filtering method. The rationale behind Chan-Vese method is
essentially originated from Mumford-Shah, and it is to approximate the image
I based on a piecewise function u as represented in the following equation,

arg min
u,C

= μLength(C) + λ

∫

Ω

(I(x) − u(x))2dx +
∫

Ω/C

| ∇u(x) |2 dx (2)

where C is the contour to evolve, and u can be discontinuous. The first term is
the regularizer of C; the second term is called data term, which is to ensure that u
is close to I; and the last term is the smoothing term to ensure differentiability
of u on Ω/C. The key difference between Chan-Vese and Mumford-Shah are
additional terms which are designed to penalize the area enclosed by the curve,
and u is expressed in a simplified way as in the following function

u(x) =

{
c1, where x is inside C
c2, where x is inside C

(3)

where x represents a pixel of the given image I, C is the border of a closed
curve, and c1 and c2 are the features inside and outside of C. This method is to
approximate the I by minimizing the u(c1, c2).



198 M. Bayraktar et al.

arg min
c1,c2,C

= μLength(C) + vArea(inside(C))

+ λ1

∫

interior(C)

| I(x) − c1 |2

+ λ2

∫

exterior(C)

| I(x) − c2 |2 dx

(4)

The first and second terms are the length and area regularizers of the bound-
ary and the region enclosed by C, sequentially. The third and fourth terms are to
penalize the difference between the input image I and piecewise constant model
u. Segmentation is obtained by finding a local minimizer for this problem, and
note that we adopted intensity means for these features (c1 and c2) as in the
original Chan-Vese paper. Minimization of this functional can be performed by
using level sets, and more numerical details can be found in [11].

2.3 Clustering of LV Crops

We project the delineated contour, which is to represent the LV boundary, onto
the actual slice and crop it. We feed the extracted crops to DBSCAN, so that we
are able to determine the islands on the LV surface which must be considered
as obstacles in the path-planning process.

DBSCAN performs clustering over the data points (here pixels) based on their
spatial connectivity within a pre-determined radius (ε). The user determines the
minimum number of connected elements (minPTS) that are to construct a clus-
ter. In Algorithm1 Data represents the LV crop, and ballpoints is used for the
clusters, and C represents the number of clusters as the output of DBSCAN.

2.4 Path Planning

Cardiac SA slices provide a dense view of the area that leans from apex to base.
Being parallel to each other, and collected from the same field of view imbues SA
slices with this property. Motivated from the fact that we trace every single heart
beat (t = 1 to 25) and spatio-slices (s = 1 to 7) to determine the safest path.

In order to create a cylindrical view, we concatenated the segmented 2D
contours along the z axis by a certain distance—slice thickness information can
be obtained from DICOM header—and that leads us to have 3D+t model of the
LV. To determine the safest path along the cylindrically modeled LV, we used
the formula which computes centroid of irregular 2D contours [6]. Notably, since
we aim to extract a ’papillary muscle sensitive’ trajectory, a formula which is to
compute centroids of doughnut-like contours is required. To this end, we applied
the following formula shown in Eq. 5 especially for the mid-ventricle slices on
which PM appear, where A and r respectively represent the area and centroids
of circumscribing polygon and holes in them.

Centroid =
Aout ∗ rout − Ain ∗ rin

Aout − Ain
(5)



Noise Sensitive Trajectory Planning for MR Guided TAVI 199

Algorithm 1. DBSCAN Pseudocode
1: function DBSCAN(Data, EPS, minPTS)
2: C=0
3: for each unvisited point (P) in Data do
4: MarkPvisited
5: ballpoints = regionQuery(P, epsilon)
6: if sizeof(ballpoints) < minPTS then
7: P is Noise
8: else
9: end if

10: end for
11: end function
12: C = nextcluster
13: expandCluster(P, ballpoints, C, EPS, minPTS)
14: function expandCluster(P, ballpoints, C, EPS, minPTS)
15: add P to Cluser C
16: for eachpointP ′inballpoints do
17: if P ′isnotvisited then
18: markP ′asvisited
19: ballpoints′ = regionQuery(P ′, ε)
20: if sizeof(ballpoints′) >= minPTS then
21: ballpoints = ballpointsjoinedwithballpoints′

22: end if
23: if P ′isnotyetmemberofanycluster then
24: addP ′toclusterC
25: end if
26: end if
27: end for
28: end function
29: regionQuery(P, EPS): return all points within the n-dimensional sphere centered

at P with radius epsilon (including P)

What we desire is that the found trajectory does not contain any abrupt corners,
especially not those that would thwart the suitability of robotic delivery tools.
To accomplish that, we applied spline-smoothing on the preliminary trajectory
using the ‘fit’ routine provided by Matlab. This function confines the output to
the data term, yet smoothens the output by minimizing the energy using the
Levenberg-Marquardt method. This method finds a search direction for the local
minima that is interpolated between the gradient descent and Gauss-Newton
methods.

3 Data Set and Experiments

The data is multi-slice, non-triggered, free-breathing imaging (that means real-
time gated), and collected from a true fast imaging with steady-state preces-
sion (TrueFISP), at a TACQ = 70.50 ms per slice (Pixel Spacing: 1.25× 1.25;
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FOV: 299× 399; TR: 70.50 ms; TE: 1.03 ms; Matrix: 101*101; and Slice Thick-
ness: 8 mm). The computations have been performed on a laptop PC (Intel
2.5 GHz processor with 8 GB RAM). The data set has 165 SA CMR slices.

3.1 LV Segmentation

We evaluated the accuracy of the segmentation method using two metrics, i.e., a
Dice matrix and cross correlation between our automatic segmentation and the
ground truth. The ground truth is obtained by manual contouring of the LV bor-
der performed by an expert MRI interpreter. We selected γ as 20 when perform-
ing filtering, which controls the diffusion conduction. Table 1 shows the results
of our method. Higher values pose the risk of extreme smoothing, which may
cause significant data loss. Correlation coefficients suggest the pixel-wise simi-
larity between manually and automatically extracted crops. The Dice matrix,
which measures the overlapping area of two designated crops, is commonly used
for segmentation evaluation. We registered the mean Dice and Correlation with
their respective standard deviations. As can be seen in Table 1, we obtained very
minute standard deviation scores in the segmentation phase.

Table 1. Evaluation of segmentation method with respect to the ground truth

Method Dice Correlation

Our method 0.8798 ± 0.0078 0.9426 ± 0.0046

Without perona-malik 0.8436 ± 0.0123 0.7315 ± 0.0178

3.2 Clustering

We qualitatively assessed the suitability of the DBSCAN in terms of captur-
ing the PM on LV crops. Since the intensity difference is very distinct between
the crop and the background (of which the intensity value is zero), we com-
plimented it to 255 and selected 0.005 as the minimum radius and 10 for the
minimum points to construct a cluster. Note that, as can be seen in Table 2,
the constructed clusters are represented by four colors that express the number
of clusters (including the noise). We searched the LV crops that have four or
more clusters, because the noiseless surface itself, the background, and the noise
already comprise three clusters. Consequently, throughout the data set we found
41 slices that meet the criteria. Due to the sheer scale of the tiny structure of
the PM, we validated the accuracy of DBSCAN qualitatively. As can be seen in
Table 2, clustering worked properly. After clustering, we obtained areas and the
centroids of the islands on LV surfaces using a regionprops routine provided by
Matlab. Finally, we used Eq. 5 and computed the centroids of the doughnut-like
polygons.
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Table 2. Qualitative results of DBSCAN on selected two LV crops. Light brown color
represents the background, solid amber color represents the LV surface and blue stars
represent the PM

LV Crop DBSCAN Result LV Crop DBSCAN Result

3.3 Path Evaluation

We evaluated accuracy of the trajectory found by our method using its Hausdorff
distance, which requires the ground truth to do a comparison. Qualitative and
quantitative results are displayed in Tables 3 and 4, respectively. We applied the
centroid formula [6] on manually contoured polygons. Note that the centroids
of 41 slices with dense PM are separately marked. The interpreter adopted the
philosophy of Eq. 5 that computes the centroids by considering the weight (area)
of the holes. In addition to this, in order to avoid abruptness in trajectory, we
smoothed the array where we store the centroids. We selected the smoothing
term λ as 0.4.

Table 3. A represents the segmented mid-ventricle; b,basal; and c, again mid-ventricle.
d, e, f represent views of the dynamic safest path
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We computed the Hausdorff distance between the automatically and man-
ually found trajectories for each time frame and spatial slice. This provides a
Euclidean metric for the error of how the automatically found trajectory deviates
from the ground truth. Recall that the ground truth trajectories for each time
frame are based on manually segmented contours and the computation of their
centroids. The max/mean and mean values are temporal-wise statistical vari-
ables to show the accuracy of the dynamic trajectory as displayed in Table 4.
These statistical variables represent 7 spatial slices, where each of them yields a
composition of 25 time frames. In Table 4, evaluation of [3] shows the registration
error of their respective trajectories found using SA slices against the LA slices.

Table 4. Evaluation of segmentation method with respect to the ground truth

Method Max Min Mean

Our method 1.3715 0.4204 0.8135

Without Perona-Malik 3.8367 0.3008 0.9793

Yeniaras et. al 2.1583 1.847 2

Bayraktar et. al 1.4036 0.1925 0.7692

4 Discussion

We introduced an off-line, preoperative planning approach, aiming to be the
ground for a real-time Transapical Aortic Valve Replacement in a beating heart.
Our work addresses a crucial basis in pre-operative planning, because with TAVI,
once a prosthetic is delivered, it cannot be repositioned again. Additionally,
proper navigation avoids the obstruction of mitral valve leaflets and coronary
arteries that feed the heart muscles [12]. Our work can be expanded to intraop-
erative guidance, registering the constructed cylindrical path on the linked LA
slice of the used SA slices. In that case, the heart’s translational and rotational
movement along its long axis must be taken into consideration. Additionally, ver-
tical motility with respect to the MR bed emerging, due to free breathing, can
also be handled by utilizing LA slices [3]. The pipeline we created, first, delin-
eates the cavity boundary using a promising active-contour model and builds
a dynamic 3D + t cylinder along the LV by concatenating the 2D contours.
Notably, the bottom-up LV border segmentation deploys a de-noising method
based on isotropic diffusion that filters extremely noisy MR slices. As an enhance-
ment of existing path-planning approaches, we took the PM into consideration
for dynamic trajectory generation. We also smoothed the trajectory (in each
time frame) to avoid the zigzags that cause difficulty in navigating the delivery
tool. As an output of this work, the obtained cylindrical structure (3D+t) is
potent for offering volumetric depth information for nominally sized aortic-valve
delivery tools. Future work contains registering the segmented SA contours onto
Long Axis slices that can mimic a real-time procedure, and more assessments
about the proximity of trajectory from the papillary muscles.
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Abstract. Fusing pre-operative CT angiography with per-operative
angiographic and fluoroscopic images is considered by physicians as a
potentially useful tool for improved guidance. To be adopted, this tool
requires the development of tracking methods adapted to the deforma-
tions of the arteries caused by the cardiac motion. Here, we propose
a 3D/2D temporal tracking of one coronary vessel, based on a spline
deformation, using pairings with a controlled 2D stretching or contrac-
tion along the paired curves and a preservation of the length of the 3D
curve. Experiments were conducted on a database of 10 vessels from 5
distinct patients, with dedicated metrics assessing both the global reg-
istration and the local coherency of the position along the vessel. The
proposed results demonstrate the efficiency of the proposed method, with
an average standard deviation of 2mm for the localization of landmarks.

Keywords: Deformable registration · Tracking · Coronary arteries ·
X-ray · Computed tomography angiography · CTA

1 Introduction

Percutaneous Coronary Intervention (PCI) is a minimally procedure which is
used to treat coronary artery narrowing. The workflow of the procedure is pretty
standard. The physician intervenes on the patient under the guidance of an x-
ray imaging system. A guidewire is navigated in the diseased coronary artery.
Before this interventional step, x-ray images with injection of a contrast agent
are acquired to observe the shape of the vessels according to the projection
angles which will be used for the intervention. During the guidewire navigation,
the lesion is crossed and in some cases, the physician could benefit from a visual
assessment of the coronary wall which may present plaques more or less calcified.
The x-ray imaging interventional system used for per-operative guidance is not
able to display this information mostly by lack of density resolution. On the
contrary, Computed Tomography Angiography (CTA) is a modality which has
the capability of capturing both the artery lumen and the characteristics of the
vessel wall. To truly help physician to exploit this information during the course
of the procedure, registering these two modalities would be useful.
c© Springer International Publishing AG 2017
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[1,3,9] have addressed this problem mostly in the case of images acquired at
the same cardiac phase. In this situation and in a first analysis, the geometric
difference between the two imaging situations can be described by a rigid trans-
formation combined with a perspective projection since the CTA is a 3D dataset
and the angiographic images correspond to a central projection with the x-ray
source being the focal point. The following step is then to take into account the
cardiac motion which may be captured or not in the CTA. If CTA can deliver
multiple volumes corresponding at several phases of the cardiac cycle, it is at
the expense of additional ionizing radiation to the patient. [2] has proposed to
adapt a generic model of the cardiac motion to end-diastolic CTA dataset in
order to register the two modalities along the cardiac cycle. This strategy raises
the question of the validity of the generic model. In this work, we propose to
explore another direction. The main interest of the physician is in the diseased
vessel and he selects a projection angle by rotating the gantry such that the
vessel of interest shows up relatively central in the image with limited foreshort-
ening and minimum superimposition. Then to provide effective assistance during
the guidewire navigation, the objective is to build a 3D deformation of the 3D
vessel extracted from the CTA consistent with the apparent motion in the 2D
angiographic sequence. So, any relevant information visible in the CTA volumes
such as a plaque can be tracked in the 2D sequence. In [5], the proposed algo-
rithm handles the non-rigid component of the cardiac motion by deformation in
the image plane which is a simplification. In this work, we propose a method
derived from [3] to track a coronary artery along the cardiac cycle with the
objective of maintaining the consistency of the position along the vessels. We
propose as in [6] to apply a 3D length preservation constraint as the coronary
artery anatomically preserves its length along the cardiac cycle. In the following,
we will describe the proposed method and explain the assessment strategy which
includes metrics evaluating the registration and a specific metric related to the
consistency of the position along the vessel.

2 Method

Before introducing the method, we first describe the data we have at hand. The
3D information is extracted from a Computed Tomography Angiography scan
by a fully automated commercial product providing a segmentation of the coro-
nary vessel structure. The coronary vessels are separated between the right and
the left coronary and the different branches are represented by their centerlines
which are represented by a tree T according to the anatomic structure of the
vessels which separate in different branches at the bifurcations. From this struc-
ture we extract one vessel of interest V which is tracked along the consecutive
images of the x-ray record sequence. Even if the 3D model of the coronary ves-
sels can be depicted by a tree, this may not be the case for the x-ray projection.
Indeed, self superimpositions create crossings. The vessel segmentation may also
cause over segmentation or miss some vessels. x-ray projections are segmented
with an Hessian based vessel enhancement technique, and vessel like structures
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are extracted forming a set of curves which corresponds to the centerlines of the
vessel [4]. The segmented object is organized in a graph by applying standard
processing methods to connect neighboring centerlines. Considering the consec-
utive images obtained in the sequence of N images by performing the acquisition
after injection of the contrast agent, we obtain a set of graphs G = {G1, . . . ,GN}.

We initiate the registration by identifying the initial rigid transformation,
T ◦ which maps T to the element G1 ∈ G corresponding to the same diastolic
cardiac phase as the pre-operative CT image [3].

The aim of the proposed tracking method is to track the vessel V in all
the consecutive phases of the cardiac motion, which necessitates to deform it.
A spline description is a tool suited for this objective and the deformation can be
represented by the optimization of its parameters, the control points. The regis-
tration itself is based on a two steps mechanism with first the determination of
pairings between the projected curve describing the vessel V and the centerlines
represented through a graph structure. Second, the parameters are determined
by minimizing an energy depending on the distance between the paired points
and constraints on the vessel V .

2.1 Problem Modeling

The 3D temporal tracking requires an a priori 3D model of vessels as introduced
in [7,11]. They are represented by their centerline which is a 3D curve. The
spline functions support a compact and smooth description of curves which can
be continuously deformed by changing the position of the control points.

We thus fit an approximating cubic spline curve C as in [8], using a centripetal
method such that:

{C(u) | u ∈ [0, 1]} ≈ V

More precisely the spline is defined as:

C(u) =
n∑

i=1

Ni,p(u)Pi (1)

where Ni,p is the ith B-spline of degree p, Pi the ith control point, u the spline
abscissa (between 0 and 1). Thanks to the choice of this model consecutive
deformations can be represented by the optimization of the spline parameters.
The set of control points to register the 3D vessel with the graph Gt is determined
by solving this optimization problem:

P̂t = argminP∈IR3n Ed(CP ,Gt) + βEr(CP) (2)

t denotes the temporal index of the frame, Ed() and Er() are respectively the
data attachment and the regularization energy terms. In the following Pt denotes
the set of control points for frame t while Pinit

1 denotes the set of control points
for the 3D vessel after the pose estimation T ◦ for frame 1. An initial position
is used for the 3D vessel to build the data attachment term: it is the 3D ves-
sel/spline CPinit

1
issued from the pose estimation for the first frame t = 1 or
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CPt−1 for frame t > 1. For the sake of simplicity, t will be omitted in the fol-
lowing. This 3D curve is projected onto the angiographic frame and is denoted
c. A 2D curve v corresponding to the projected 3D curve is extracted from the
graph G as described in [3].

Data Attachment Term. The data attachment term Ed() is a sum of 3D
residual distances issued from 3D to 2D pairings. The simplest method to build
pairings is to use the closest neighbor scheme (as in the ICP). In [10], a vari-
ant of this approach is proposed: the idea is to represent the cardiac motion by
covariance matrices on the different parameters describing the coronary tree. For
this one, a generative 3D model is employed, i.e. a model including a probabilis-
tic distribution of position for the arterial segment. The concept of distance is
then extended from standard Euclidean distance to Mahalanobis distance. This
geometrically oriented analysis does not include the constraint of ordered pair-
ing as proposed in [3] where it is shown that a point pairing that respects the
order along paired curves yields better results than the closest neighbor scheme.
Such an ordered pairing was obtained by the means of the Fréchet distance,
that allows jumps between paired points. In presence of vessel deformation, we
observed that the coherency of the obtained pairings can be discussed. So we
propose to constrain the pairing construction with a 2D elongation preservation.

We first recall the Fréchet distance and its induced pairing [3]. Let c =
{c1, . . . , cnc

} and v = {v1, . . . , vnV
} be the 2D curves to be paired. The points ci

are obtained as projection of points CP(ūi) from the 3D spline which represents
the vessel. The points vi are the discrete points forming the centerline of the
vessel extracted from the angiographic images. The point pairings are entirely
defined by a single injective function F : IN → IN. The Fréchet distance is
defined as:
{

F (1) = argminiv∈Iv‖viv − c1‖ with Iv = {1, . . . , jump}
F (ic) = argminiv∈Iv‖viv − ciC‖ with Iv = {F (ic − 1), . . . , F (ic − 1) + jump}

with jump a parameter controlling the length of allowed jumps in pairings.
Looking at the pairing produced by this metric (as in Fig. 1, left), we observed
that the simple application of the criteria of minimizing the pairing length may
lead to irregular pairings. When computing rigid transformations as in [3], the
least squares estimation introduces enough robustness to handle them. However,
when dealing with non-linear transformations, the final result may be influenced.
Inspired by the Fréchet distance, we present a pairing function which aims to
build a pairing function that advances at the same speed along the 2D curves to
be paired. Let consider a distance d which will compute the length of 2D curves:

d : IN2 → IR , d(p1, p2) =
p2∑

i=p1+1

‖ci − ci−1‖
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We will define F as:⎧
⎨

⎩

F (1) = argminiv∈Iv‖viv − c1‖2 + λd(v1, viv )2 with Iv = {1, . . . , jump}
F (ic) = argminiv∈Iv‖viv − cic‖2 + λ(d(vF (ic−1), viv ) − d(cic−1, cic))

2

with Iv = {F (ic − 1), . . . , F (ic − 1) + jump}
(3)

with λ proportional to the local distance between the neighborhood of ic and iv.
This function favors point pairings between points which are approximately at
the same distance from theirs respective neighborhoods.

F () provides 2D point pairings (vF (i), ci) between the 2D curves v and c. To
compute 3D deformations, we have to define 3D point pairings. ci ∈ c is asso-
ciated to its corresponding 3D point CP(ūi). The 3D point V ′

F (i) corresponding
to vF (i) is the point from the backprojected line issued from vF (i) that is the
closest to CP(ūi). The data attachment term is finally:

Ed(CP ,Gt) =
nC∑

i=1

‖V ′
F (i) − CP(ūi)‖2 (4)

Fig. 1. The figure depicts pairings (blue) between projected 3D vessel c (magenta) and
2D vessels v (red), as observed locally on a case. On the left the parings are made with
Fréchet, on the right with weighted Fréchet. Pairings are more regular with weighted
Fréchet. (Color figure online)

Regularization Term. The regularization term aims at minimizing the 3D
elongation of C:

Er(CP) =
J∑

j=1

(‖CP(ej) − CP(ej−1)‖ − lj)2 with ej =
j

J
and lj

= ‖CPinit
1

(ej) − CPinit
1

(ej−1)‖ (5)

J is the number of interval used to enforce the length constraint all along the
vessel.

Energy Minimization. This global energy Ed(CP ,Gt)+βEr(CP) is minimized
via a gradient descent. Thanks to the spline description of the 3D curve, the
analytic expression of the gradient is used for the gradient descent. The pairings
are recomputed along the descent every 1000 iterations. The minimization is
stopped when the gradient norm is below a threshold, whose value has been
chosen in preliminary experiments.
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3 Performance Evaluations

Qualitative evaluation of the performance of the proposed algorithms can first
be done by a visual control of the deformation of the projected deformed vessel
over the angiographic image along the cardiac cycle. We also propose three
quantitative measures. The first two corresponds to methodological expectations
on the performance but does not cover directly the intended clinical application.
The third one replicates more closely the expectations from a clinical standpoint.

3.1 2D Curve Distance

This is an indirect measure of the quality originally proposed in [11]. Its intent is
not to evaluate the correctness of the selected vessel in the angiographic image.
This measure indicates only if the deformation of the vessel V has adapted well
to the observed projection in the angiographic image. For each registration the
distance between the projected curve P(C) and its corresponding 2D vessel v is
computed, with P the projection matrix. Our measure of 2D curve distance is:

cd =
1

nC

nC∑

i=1

‖P(C(i)) − vclosest(i)‖ (6)

with closest(i) the index in v of to the closest point to P(C(i)), nC the number
of retained sample points in C. C is a continuous curve defined by an analytic
representation based on spline. For this evaluation measure and also the next
one, we select a number of points along the curve. We take them equally spaced.

3.2 Shape Preservation

For this analysis, we start from the idea that the vessel shall return to its initial
state if the tracking is performed on a series of consecutive images which start
and end by the same image. Let N the number of angiographic images in a
sequence which covers a cardiac cycle, the tracking is done from the frame 1
to the frame N , resulting in N 3D curves corresponding to the same vessel
of interest temporally tracked, C = {C1, . . . , CN}. One can then generate the
reverse sequence starting from image N − 1 down to image 1 and continue to
apply the tracking algorithm. The result is an other set of 3D curves C ′ =
{C ′

N−1, . . . , C
′
1}. The similarity of the curves C ′

k and Ck is an indirect measure
of the performance of the tracking algorithm. To measure the similarity, we
chose to compute the distance between C1 and C ′

1 which are respectively the
first and last curves of the forward and backward tracking. Our measure of shape
preservation is:

sp =
1

nC

nC∑

i=1

‖C1(i) − C ′
1(i)‖ (7)

with nC the number of points in C and C ′.
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3.3 Landmark Tracking

From the point of view of the clinical application, this is the most important
measure. The idea is to evaluate if a location defined along the coronary vessel
is correctly tracked with the beating heart. A location in the vessel V is defined
by its curvilinear abscissa. In the angiographic image, identifying a fixed point
is more challenging.

To do so, we first manually point an easily identifiable landmark along the 2D
vessel that correspond to the 3D vessel of interest. Vessel bifurcations are natural
candidates for such landmarks, and we manually have pointed one bifurcation
along the x-ray sequence for each 3D vessel to be registered. To decide whether
the same 3D point of the tracked vessel is paired to this ground truth, we use
the curvilinear abscissas u (along the spline) of the paired 3D points to the
bifurcation. A perfect tracking (along with a perfect manual identification of the
bifurcation) should yield the same curvilinear abscissa for all paired 3D points,
thus the standard deviation of all curvilinear abscissas is an adequate measure
to assess the tracking.

Formally, let U = {u1, . . . , uN} be the N abscissas along the x-ray sequence
of the paired 3D points, eg. C(ut) is paired with the bifurcation/landmark in
frame t, and ū be the average value over U , the proposed measure is

lt =

√√√√ 1
N

N∑

i=1

(ui − ū)2

4 Results

To assess the performance of the proposed approach, we use anonymous data col-
lected after informed patient consent for use in this type of investigation. These
data come from five different patients. Both the CT scan and the angiographic
images are available. We selected in the angiographic sequences a sub-sequence
of 20 images which covers a full cardiac cycle or a bit more depending on the
patient case. The CT scans have been pre-processed to extract the coronary
vessel trees as described above. Several 3D vessels may have been selected for a
given patient, yielding a total of 10 different tracking experiments. Each of them
is analyzed separately from the other. Selection is based on the available angio-
graphic views and the vessels are selected as the ones that could be the object
of an interventional procedure. In the following, we propose to compare three
different settings of the proposed algorithms: the standard Fréchet approach to
determine pairings between two curves, the weighted Fréchet as described above
with and without the constraint on the length of the vessel V . λ has been set
to l2d

dp(c)2
, with ld the local distance between neighborhoods of two points and

dp(c) the average distance between points in c curve. To tune β we observed the
length variations of the deforming vessel (see Fig. 2) and the data attachment
term value at convergence for different values of β on few cases. First, we observe
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for β ≥ 100 a variation smaller than 0.1% despite an apparent 2D length varia-
tion on the fluoroscopic plane of 5%. Second, we notice that the data attachment
term value at convergence remain the same for every tested values of β, we thus
conclude that a big β does not alter the closeness of the two curves. Considering
this last point and the fact that the length constraint corresponds to the exact
physical behavior of the coronary during the contraction, we set β = 1000 such
that the deformed vessel keeps a constant length.
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Fig. 2. Variation of the 3D length of a vessel depending on the β parameter, expressed
as a percentage of the initial 3D length.

Figures 3 and 4 are examples of the obtained results for two cases. The
average execution time per image is 30 s on an Intel R Core TM i7-4712HQ
CPU on a virtual machine. The code has not been optimized.

4.1 2D Curve Distance

As explained in Sect. 3.3, we have computed the 2D curve distance for the dif-
ferent considered cases. The obtained results are displayed in Fig. 5 with the
weighted Fréchet approach. The values fall in the range of 0.15 mm with a max-
imum of 0.25 mm. In this figure, we display for each frame from 1 to 20 the
value of the distance (Eq. 6). Contrary to [11], we do not observe a variation
with the cardiac cycle. So we draw the conclusion that the deformation capa-
bility of our 3D vessel is sufficient to follow the deformation of the arteries. In
all the considered cases through observations by an experienced reader, we have
validated that the tracked arteries are the correct ones. The application of the
length constraint does not restrain the capability of the model to deform.

4.2 Shape Preservation

The objective of this measure is to evaluate the correctness of the deformation of
this vessel by looking at a case for which the ground truth is known by design of
the test. Left of Table 1 presents the results obtained on our ten different cases.
When the length constraint is not applied, the results show that the deformation
is not well controlled. In the first case, we are close to about 40 mm of difference
between the two curves. This is to be compared with the typical length of a
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Fig. 3. Tracking results for one patient over one cardiac cycle. The yellow curve rep-
resents the projected 3D vessel, the blue cross represents the point tracked as the
bifurcation, and the white arrow designs the bifurcation as marked by an experienced
reader. Those images come from a 20 frames sequence. This figure shows the frames 1,
5, 9, 13, 17, 20, from left to right, up and down. (Color figure online)

Fig. 4. Tracking results for a second patient. Same conventions than in Fig. 3
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Fig. 5. The 2D curve distance measure (cd, see Eq. 6), for the ten cases. The values
are plotted for the 20 successive frames of the selected sub-sequence.

coronary vessel that is about 80 mm. The two other techniques which apply
the 3D length constraint give similar results. Overall the average 3D distance
between the two curves after a tracking over 40 projections is inferior to 7 mm
which is pretty encouraging. We observe some variations from case to case, which
are very likely to be caused by the complexity of the motion. For some patients,
the motion is mostly a translation and a rotation in the image plane plus some
large scale contraction. In some other cases, the arteries are more tortuous and
along the cardiac cycle they can fold/unfold. These cases are more challenging.

4.3 Landmark Tracking

The results obtained with this method are presented on the right of Table 1. The
presented value is the standard deviation of the set of curvilinear abscissa for

Table 1. Results in millimeters of the 3 methods for shape preservation and landmark
tracking evaluations on 10 vessels from 5 patients.

Shape preservation Landmark tracking

Vessels Fréchet Weighted Weighted Fréchet Frchet Weighted Weighted Fréchet

Fréchet WLCa Fréchet WLCa

1 7.96 7 39.81 1.73 2.21 14.5

2 11.11 8.7 x 2.64 3.2 x

3 2.19 1.4 1.43 1.72 2.1 1.01

4 4.21 3 2.44 2.62 1.3 1.14

5 1.8 1.8 5.02 1.12 0.7 2.75

6 7 3.18 4.9 3.88 4.1 2.79

7 4.94 7.3 6.4 1.9 2.4 1.38

8 2.62 1.7 1.92 1 1.2 1.12

9 11.5 9.6 8.43 2.1 2.1 2.52

10 10.1 10.5 7.92 1.63 1.9 3.01

average 6.33 5.42 8.68 2.02 2.11 3.36
aWLC = Without Length Constraint
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the point associated to the bifurcation manually marked in each projection. The
average value is 2.02 and 2.11 for the two methods with the 3D length constraint.
When the length constraint is not applied, we have a larger value as anticipated.
This observed standard deviation accounts for two sources of errors: the error
created by the algorithm and the error on the ground truth. Marking the exact
location of a bifurcation in x-ray image is difficult since the bifurcated vessel
may superimpose to the main branch and cannot be distinguished from it. The
length of this superimposition varies along the cardiac cycle. This problem is
also more or less pronounced depending on the apparent angle at the level of
the bifurcation.

5 Discussion and Conclusion

We have presented a method to track a coronary artery from 3D to 2D. Starting
from a first registration of the complete tree obtained at the same phase, we
then focus our attention on a single vessel in the idea of mimicking the interven-
tional procedure whose objective is to treat a diseased vessel. The key point of
the algorithm approach that we have proposed is to establish pairings using the
Fréchet algorithm. These pairings are done between the projected 3D vessel and
the centerlines that were segmented in the angiographic image. The 3D vessel is
then deformed to minimize the total pairing length in the 3D space and under
the constraint of length preservation. This constraint is meaningful because this
property is respected by the coronary vessel along the cardiac cycle and because
it is applied to the 3D curve and not its projection. In the evaluation, we have
observed that the absence of this constraint degrades the result even if the track-
ing remains apparently correct. The individual trajectories of points are not con-
strained a priori to be smooth. In the evaluation, we have looked a posteriori
at the trajectory of specific points placed at the bifurcations and we found that
their projections follow pretty well the apparent movement of the bifurcations
in the x-ray projections. We have also evaluated the Fréchet pairing algorithm
and a variant. Main difference is the introduction of an additional contributor
in the optimized criteria. The criteria is based on the variation of the apparent
length in the successive pairings. As observed in Fig. 1, the obtained pairings are
more meaningful than with the standard Fréchet method. Looking at the results
on the ten test cases and with the different evaluation strategies implemented,
this difference translate in an improvement for the shape preservation criteria.
Interestingly the average distance is about 5.5 mm after a tracking performed
over 40 frames. Typical length of the selected coronary arteries is about 80 mm.
For the landmark tracking, the average value is about 2 mm in both variants
of the Fréchet method which also accounts for the imprecision in the definition
of the bifurcation location in the angiographic image. This last result appears
very encouraging since it is in the range of the expectation of the physician who
expects to get information on the vessel wall at the place where the tip of the
guidewire is positioned. The exact position in the artery of the guidewire tip is
also changing slightly with the cardiac motion. In a further step, methods to
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register the position of the guidewire tip observed in the subsequent fluoroscopic
sequence with the angiographic projection will be developed. A more complete
evaluation of the accuracy could also be done by performing in parallel to the
angiographic acquisition some intravascular images which are able to display the
vessel wall properties. After proper co-registration of these intravascular images
with the angiographic images, it would be then possible to compare the two
modalities intravascular and CT views of the vessel wall and to quantify the
geometrical differences from an algorithmic standpoint.

References

1. Aksoy, T., Unal, G., Demirci, S., Navab, N., Degertekin, M.: Template-based CTA
to x-ray angio rigid registration of coronary arteries in frequency domain with
automatic x-ray segmentation. Med. Phys. 40(10), 1903–1918 (2013)

2. Baka, N., Metz, C.T., Schultz, C., Neefjes, L., van Geuns, R.J., Lelieveldt, B.P.F.,
Niessen, W.J., van Walsum, T., de Bruijne, M.: Statistical coronary motion models
for 2D+ t/3D registration of x-ray coronary angiography and CTA. Med. Image
Anal. 17(6), 698–709 (2013)

3. Benseghir, T., Malandain, G., Vaillant, R.: A tree-topology preserving pairing for
3D/2D registration. Int. J. Comput. Assist. Radiol. Surg. 10(6), 913–923 (2015)

4. Frangi, A.F., Niessen, W.J., Vincken, K.L., Viergever, M.A.: Multiscale vessel
enhancement filtering. In: Wells, W.M., Colchester, A., Delp, S. (eds.) MICCAI
1998. LNCS, vol. 1496, pp. 130–137. Springer, Heidelberg (1998). doi:10.1007/
BFb0056195

5. Gatta, C., Balocco, S., Martin-Yuste, V., Leta, R., Radeva, P.: Non-rigid multi-
modal registration of coronary arteries using SIFTflow. In: Vitrià, J., Sanches,
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Abstract. The main challenge of electrocardiography is to retrieve the
best possible electrical information from body surface electrical poten-
tial maps. The most common methods reconstruct epicardial potentials.
Here we propose a method based on a parameter identification prob-
lem to reconstruct both activation and repolarization times. The shape
of an action potential (AP) is well known and can be described as a
parameterized function. From the parameterized APs we compute the
electrical potentials on the torso. The inverse problem is reduced to the
identification of all the parameters. The method was tested on in silico
and experimental data, for single ventricular pacing. We reconstructed
activation and repolarization times with good accuracy accurate (CC
between 0.71 and 0.9).

1 Introduction

The main challenge of electrocardiography is to retrieve the best possible elec-
trical information from body surface electrical potential maps (BSPM). The
most common approach relies on the inverse solution of the Laplace equation
in the torso. It reconstructs epicardial potential maps from the BSPM. This
technique requires a regularization strategy to deal with the ill-posedness of the
problem, and a discretization method to approximate the Laplace equation. A
Tikhonov regularization and the Method of Fundamental Solutions (MFS) are
commonly used, as proposed by Wang and Rudy [1]. Relevant activation maps
can be retrieved from this inverse solution, though it provides signals with a
lower amplitude. Nevertheless the reconstruction of accurate activation maps
and repolarization maps remains a very challenging problem.

Alternative formulations have been proposed Liu et al. [2] and by Van
Oosterom et al. [3], in order to reconstruct directly the activation times (ATs).
The method proposed by Liu et al. looks for the three-dimensional activation
sequence in the ventricular muscle. The method of Van Oosternom et al. con-
siders both epicardium and endocardium. These approaches still rely on a regu-
larization technique and are not designed to obtain repolarization maps.
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We introduce a new technique that aims at recovering both the activation
and repolarization maps on the epicardium. We first focus on single ventricular
pacing cases. We propose an approach based on a parameter identification (PI)
problem. As epicardial potentials are difficult to parameterize, we rather repre-
sent the action potential (AP) as a function of 4 parameters; namely the ampli-
tude, activation time, plateau phase duration and repolarization slope. The final
parameter identification problem consists of identifying these 4 space-dependent
parameters from the complete BSPM sequence. This method solves the whole
electrical sequence: depolarization and repolarization. Since it introduces a pri-
ori the shape of the AP, no regularization is needed. The nonlinear least squares
parameter identification problem is solved by a gradient method.

The method was tested on both in silico and ex vivo experimental data. We
found that activation maps from PI were at least as good as those from the
MFS. Accuracy of reconstructed repolarization maps and torso potentials were
also discussed.

2 Methods

2.1 Parameterization of the Action Potential

Following the work of Van Oosterom [4] we define the transmembrane potential
(TMP) as the function:

Vm(t, x) = AF(α, t − τ)F(−αR, t − (τ + τR)), (1)

where F(α, ζ) =
1

1 + exp−αζ
. α is the constant slope of the depolarization.

Its value (3.3 ms−1) is taken from the same study [4]. A is the amplitude, τ
the activation time, τR the plateau phase duration and αR the slope of the
repolarization (see Fig. 1). Each of these 4 parameters may be space-dependent.
Note that in our study the amplitude does not have physiological value. It is a
qualitative parameter made to fit the amplitude of the given BSPM.

Fig. 1. Parameterized action potential with τ = 20ms and τR = 220ms.
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2.2 Mapping the TMP to the BSPM

Given the TMP Vm on each point xj of the epicardium, we compute the extra-
cellular potentials:

φe(xj , t) = Vm(t) − Vm(xj , t) j = 1, . . . , NH, (2)

where NH is the number of points on the heart surface. Vm(t) is the spatial mean
of Vm at each time. This formulation is derived from the monodomain model [5].

Finally, we approximate the solution of the Laplace equation far from the
heart surface by [6,7]:

φT(y, t) =
NH∑

j=1

1
4π‖xj − y‖φe(xj , t), (3)

where y is any point on the body surface. These φT will be compared to the
BSPM.

2.3 The Parameter Identification Problem

As a consequence we look for the parameter set P = (A, τ, τR, αR) that minimizes
the least squares error

J(P) =
1
2

k2∑

k=k1

NT∑

i=1

(φT(yi, tk) − φ�(yi, tk))2, (4)

where (yi)i=1...NT are the NT electrode locations on the body surface,
(tk)k=k1...k2 is the time sequence of interest, and (φ�(yi, tk)) are the measured
BSPM.

However, in order to improve the convergence of the method we make the
following choices:

– the amplitude and the repolarization slope are set to a constant over the
whole epicardium

– τ and τR are space-dependent. (τj)j and (τR,j)j are taken at the same location
on the epicardium as (xj)j

– the parameter set is split into the depolarization subset P = (A, (τj)j) and
the repolarization subset P = ((τR)j , αR).

During the depolarization phase of a paced or normal beat we can assume
that t � τ+τR, so that Vm(t, x) � AF(α, t−τ). Hence we solve for P = (A, (τj)j)
in (4) on a time interval [tk1 , tk2 ] that covers the total QRS interval, but contains
no T wave (see Fig. 2). Still in order to improve the convergence, we split the
identification in two steps: we first identify the constant amplitude A, and then
the ATs (τj)j . We apply a standard MFS with a regularization method [1].
This gives us electrical potentials on the heart surface. We then compute the
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ATs as the time with the highest negative slope. When we identify the amplitude
the parameter set P is simply the singleton {A}, and ATs obtained from the
MFS are an input in our PI problem. Once we have this optimized amplitude
A� it becomes an input and the cost function J is minimized for P = ((τj)j).

During the repolarization phase, we solve for P = ((τR,j)j , αR) in (4) on a
time interval [tk1 , tk2 ] that covers the total extent of the T waves (see Fig. 2).
We first identify the constant slope (e.g. P = (αR)). The input plateau phase
durations are coarsely determined from the given BSPM. Once we have the
optimum α�

R we minimize J for P = ((τR,j)j). Optimum A�, (τ�
j )j and α�

R are
an input in this PI problem.

Fig. 2. Example of choice for k1 and k2 for experimental signals. Each curve represents
the signal of one of the torso electrodes.

These four nonlinear least squares problems are solved by the gradient
descent method. The explicit gradient of the cost function J with respect to
the unknown parameters P is calculated analytically. If we wait for the method
to converge overfitting occurs. It means that there are small changes in the cost
function but the quality of the activation map decreases. To avoid overfitting, we
couple the gradient descent method with an early stopping criterion based on the
shape of the learning curve. For each gradient descent method, an initial guess
is required. For the amplitude, we obtain this guess manually with a dichotomy
approach. For the ATs, we use the ATs computed from the MFS. The initial
guess for the slope is arbitrarily set to 1. The overall algorithm is summarized
below.
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Algorithm 1.1
Depolarization phase

1: Standard MFS on interval [tk1 , tk2 ]
2: Compute ATs from MFS solution
3: Gradient descent to optimize the amplitude (MFS ATs as input)
4: Gradient descent to optimize the ATs (optimum A� as input)
5: Gradient descent to optimize the amplitude (optimum τ� as input)
Repolarization phase

1: Input: A� and τ�, from torso signal for τR
2: Gradient descent to optimize the constant slope αR

3: Gradient descent to optimize the (τR,j)j (optimum α�
R as input)

4: Gradient descent to optimize the slope (optimum τ�
R as input)

3 Results

3.1 in silico data

In order to create in silico testing data, a simulation was run on an anato-
mically realistic 3D geometry of the torso, including heart, blood vessels, lungs
and skeletal muscle. Each organ had its own conductivity. Propagating action
potentials were generated using a monodomain reaction-diffusion model with a
Ten Tusscher membrane model [8]. An anisotropic human heart model at 0.2 mm
resolution was used for this purpose. An anisotropic Laplace equation was solved
in the torso volume with a finite difference method [9]. We had access to the
transmembrane potentials on the subepicardium and extra-cellular potentials
on the epicardium. ATs were calculated from the epicardial potentials with the
same method as the ATs from the MFS solution. Repolarization times were
computed from epicardial potentials as the time with the highest positive slope
during the repolarization phase.

On the same model anatomy, two different simulations were run: a left ven-
tricular (LV) pacing, and a right ventricular (RV) one. For both cases, we iden-
tified our parameters following the algorithm detailed in Algorithm 1.1.

We first looked at the ATs. For the LV pacing the method converged to
satisfactory ATs on the whole heart (Fig. 3, left). Our method gave a better
range of ATs than the MFS. However for both methods the pacing site was not
well localized. For the RV pacing, late activations were better reconstructed than
the early ones. The correlation coefficient (CC) was the same for both methods
but the distribution of points in the scatter plots was different. Indeed for the
MFS we observed clustering of points along horizontal lines. This means that
there were discontinuities in the distribution of ATs. These discontinuities were
not consistent with the reference ATs (Figs. 3, right and 4). On the map on the
right, discontinuities are clearly visible between the dark blue and light green
parts and between the dark green and orange parts.

In Fig. 5 we compare APD90 calculated from the reference APs and from
the reconstructed ones, for both LV and RV pacing. First of all, we had a larger
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Fig. 3. Scatter plot of the ATs for in silico data. For each point, the x coordinate is
the reference AT and the y coordinate is the corresponding reconstructed AT (PI in
red, MFS in blue). (Color figure online)

Fig. 4. Activation maps of the RV pacing in silico case.

range of APD90 from the PI, especially for the RV pacing. Moreover, there was
a clear difference in the repartition of APD90 between the LV and the RV. This
difference was not correctly reconstructed with the PI approach.

We compare the repolarization times in Fig. 6. For the PI, the CC were 0.9
and 0.71 for the LV and RV pacing, respectively. These values were close to those
for the MFS but we observed discontinuities in the distribution of points, as for
the ATs (see Fig. 7). Note that the quality of the reconstruction from the PI
method was better for the repolarization times than for the APD90. This can be
explained by the fact that if we had an error in the parameter τ , it would imply
another error in the parameter τR to fit the repolarization phase correctly.

Finally we compare signals on the torso. Reconstructed potentials were com-
puted from Eqs. (1), (2) and (3) with the optimized parameters. In both cases
the amplitude was optimized to fit the given BSPM. Figure 8 shows given and
reconstructed potentials on two torso electrodes. For the LV pacing the ampli-
tude of the signal was better fitted on the first electrode than on the second.
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Fig. 5. Comparison of APD90. The reference APD90 are obtained on the subepi-
cardium mesh and the reconstructed APD90 on the epicardium mesh. Anteroposterior
view.

Fig. 6. Scatter plot of the repolarization times for in silico data.

Fig. 7. Repolarization maps of the RV pacing in silico case.
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Both depolarization and repolarization phases were quite well identified. These
two electrodes were representative for the 252 torso electrodes. For the RV pa-
cing, on the same electrodes, the reconstruction was less accurate. Specifically,
the repolarization was inverted on the first electrode, while on the second the
depolarization was. This was due to the incorrect activation times on the right
ventricle. In this case, the chosen electrodes exhibit some of the worst recons-
tructed potentials.

Fig. 8. Reconstructed potentials for in silico data. Electrode 1: close to the heart,
Electrode 2: right hip. Red line: reference BSPM; blue line: reconstructed BSPM. (Color
figure online)

3.2 Experimental Data

Experimental data were obtained from a Langendorff-perfused pig heart with an
oxygenated electrolytic solution. Epicardial potentials were recorded with a fle-
xible electrode sock (108 electrodes) placed over the epicardium. The heart was
placed inside a human-shaped tank. BSPM were recorded from 128 electrodes,
simultaneously with epicardial potentials. LV and RV pacing were performed
with 1 Hz frequency. We removed signals from bad leads (e.g. not well connected)
and the baseline. Finally we made a signal averaging over the whole recording
to obtain a single beat.

We first looked at the ATs. As for the in silico data, it was difficult to localize
the pacing sites precisely. Nevertheless the reconstructed ATs were satisfactory
(Fig. 9). We noticed a slight improvement of our method compared to MFS
for the LV pacing (CC: 0.85 vs 0.82). On the RV pacing (CC: 0.92 vs 0.89)
improvement was more obvious when we compared the distribution of points.

Scatter plots of the repolarization times are presented in Fig. 10. For both
cases, the reconstructed repolarization phase was shorter than the real. The CC
were very close for the PI and the MFS but with the PI the distribution was
smoother.

Reconstructed potentials are presented in Fig. 11. With our method we were
able to identify both depolarization and repolarization phases. The amplitude of
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Fig. 9. Scatter plot of the ATs for experimental data

Fig. 10. Scatter plot of the repolarization times for experimental data.

Fig. 11. Reconstructed potentials for experimental data. Electrode 1: close to the heart,
Electrode 2: right hip. Red line: reference BSPM; blue line: reconstructed BSPM (Color
figure online)
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the signals was well reproduced thanks to the optimized amplitude A�. We did
not have any inversions of the T wave. The chosen electrodes were representative
for all the electrodes.

4 Conclusion

We presented a parameter optimization method to solve the inverse problem of
electrocardiography. Our method relies on a parameterization of the AP. Our
main objective was to develop a method that gives precise information on the
repolarization phase, in addition to information on the depolarization phase.
Moreover, this approach gives access to all the properties of a local AP, like
APD90.

We had to make some choices to ensure a good convergence and avoid over-
fitting: constant amplitude and slopes; split the identification process in two
steps. Compared to the MFS, our PI gave better activation maps: we obtained
a better range of ATs and did not have any artificial discontinuities in the dis-
tribution of the ATs on both in silico and experimental data. The method fitted
the repolarization phases quite accurately. However, having a good fit on the
repolarization time could hide an error in the plateau phase duration. Indeed an
error in the AT would lead to an error in the plateau phase duration to fit the
repolarization phase. Reconstructed torso potentials were close to the measured
ones. Especially, optimized amplitude enabled to fit BSPM amplitudes. More-
over, both depolarization and repolarization phases were well caught on all the
torso.

To improve the quality of the results, we plan to add either the septum
or the endocardium into the geometry. Another development will be to consider
piecewise constant amplitudes and repolarization slopes, instead of constant over
the whole epicardium.
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Sophie Giffard-Roisin1(B), Hervé Delingette1, Thomas Jackson2,
Lauren Fovargue2, Jack Lee2, Aldo Rinaldi2, Nicholas Ayache1, Reza Razavi2,

and Maxime Sermesant1(B)
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Abstract. In the scope of modelling cardiac electrophysiology (EP)
for understanding pathologies and predicting the response to therapies,
patient-specific model parameters need to be estimated. Although per-
sonalisation from non-invasive data (body surface potential mapping,
BSPM) has been investigated on simple cases mostly with a single pacing
site, there is a need for a method able to handle more complex situa-
tions such as sinus rhythm with several onsets. In the scope of estimat-
ing cardiac activation maps, we propose a sparse Bayesian kernel-based
regression (relevance vector machine, RVM) from a large patient-specific
simulated database. RVM additionally provides a confidence on the result
and an automatic selection of relevant features. With the use of specific
BSPM descriptors and a reduced space for the myocardial geometry, we
detail this framework on a real case of simultaneous biventricular pacing
where both onsets were precisely localised. The obtained results (mean
distance to the two ground truth pacing leads is 18.4 mm) demonstrate
the usefulness of this non-linear approach.

Keywords: ECG imaging · Personalisation · Relevance Vector
Machine · Cardiac electrophysiology

1 Introduction

Modelling cardiac electrophysiology (EP) can help in understanding patholo-
gies and predicting the response to therapies such as cardiac resynchronization
therapy (CRT). However estimating accurately patient-specific model parame-
ters is then crucial, and it often involves invasive measurements [1]. In order
to replace these invasive measurements -risky for the patient-, Giffard-Roisin
et al. [2] personalised the cardiac EP model from body surface potential map-
pings (BSPM). The onset activation location and the global conduction velocity
were estimated in different pacing locations from several patients. However, per-
sonalisation may often be needed in more complex situations, such as multiple
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 230–238, 2017.
DOI: 10.1007/978-3-319-59448-4 22



Multiple Onsets Estimation in Non-invasive EP 231

activation onsets, heterogeneous myocardial tissue (scar) or a particular pathol-
ogy. Estimation of heterogeneous myocardial conduction using a Bayesian frame-
work has been recently explored by Dhamala et al. [3], but the other parameters
such as the onset are supposed to be known, and the uncertainty on the result is
not estimated. The contributions of this work are the extension of a cardiac EP
personalisation in order to handle non-linear situations (from single to multiple
onsets) and to acquire information relative to the confidence on the results. The
methodology, based on a relevance vector regression and on a myocardial shape
dimension reduction, is tested and compared with the method from [2] on a real
biventricular pacing dataset. The methodology is summarised in Fig. 1.

Fig. 1. Pipeline: The RVM (relevance vector machine) regression is performed between
BSPM features and a reduced shape space where the patient-specific training activation
maps were projected. For a new sample (BSPM data) we estimated its activation map
and the regression error. In this paper, the onset locations were further extracted from
this estimated activation map.

2 Materials and Methods

2.1 Clinical Data

In this study, we considered a patient dataset composed of BSPM signals, ven-
tricular myocardial geometry (since only the QRS complex is studied, the atria
were not included in the model), torso leads and pacing leads locations. The
BSPM potentials (from a CardioInsight jacket) were acquired during the pro-
cedure at a sampling rate of 1 kHz, with a number of torso sensors of 205. The
protocol of this study was approved by the local research ethics committee. The
approximated myocardial surface as well as the location of the torso sensors and
the pacing leads were extracted from 3D imaging (CT scanner). On a rigidly reg-
istered generic and volumetric mesh, cardiac fiber orientations were estimated
with a rule-based method (elevation angle between −70◦ to 70◦).
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2.2 Non-invasive Personalisation of a Cardiac EP Model

We used a fast forward EP model derived from the anisotropic Mitchell-Schaeffer
cardiac model and a current dipole formulation for computing simultaneously the
cardiac electrical sources and body surface potentials [2]. From the generation
of a large database of simulated transmural myocardial potentials and torso
signals, we learned patient-specific parameters of the EP cardiac model. In order
to retain the important aspects of the QRS complex from the BSPM signals,
specific descriptors on the normalized BSPM signals were extracted (such as
timings, area under the curve, sign of extremum). Specifically, the location of
the onset activation was estimated by firstly regressing the activation times
of the transmural myocardial mesh, before localizing the minimal time. Every
simulated set of BSPM signals vi was perturbed by a Gaussian random noise of
mean 0 and std = 2e− 3×norm(vi). This was done for robustness and in order
to give more confidence to electrodes closer to the heart: where the potentials
are of higher amplitude, the signal-to-noise ratio would be larger.

2.3 Dimensionality Reduction of the Myocardial Shape

The myocardial tetrahedral mesh can have a large number of elements or vertices.
At the same time, the signal to be reconstructed, the activation map, is strongly
correlated spatially due to the propagation of the electric potential throughout
the myocardium. Therefore, it is meaningful to reduce the dimension of the
regression variable, the activation times. A simple way would be to use a coarser
mesh but this would be at the expense of reducing the accuracy of the onset
locations. Instead, we propose to use a hierarchical decomposition of the mesh,
naturally provided by the eigenmodes of a structural matrix. To this end we chose
the eigen-decomposition of the stiffness matrix associated with the Laplacian
operator. This decomposition has been widely used in various spectral shape
analysis [4,5] and is closely related to the modes of vibration of the myocardium.
The extracted eigenvectors are naturally sorted by ascending order to spatial
frequency. By selecting the first few eigenmodes, we only keep the large spatial
variations. If we call t the vector of N activation times at each vertex of the
myocardial mesh, we get the following reduction and reconstruction formulas:

tred = VMt ; trec = VM
T tred

with tred the coordinates of t in the reduced space, VM the N×M matrix of the
first M eigenvectors of the stiffness matrix, and trec the reconstructed activation
times. The matrix VM is independent of t and is thus computed only once. An
example of reconstructed activation map (on 14 K vertices) using 400 modes is
shown in Fig. 2(c). From Fig. 2(a), we can see that the mean reconstruction error
is less than 2 ms (max: 7 ms) for 400 modes.

2.4 Parameter Estimation Using Relevance Vector Regression

In order to regress the myocardial activation times from the BSPM features, we
use the Relevance Vector Machine (RVM) regression method [6]. This approach



Multiple Onsets Estimation in Non-invasive EP 233

(a) Reconstruction error (b) Original (c) Reconstruction

Fig. 2. Example of reconstruction of an activation map (on 14430 vertices) from the
eigenvectors of the stiffness matrix: (a) Reconstruction error wrt. the number of modes
(b) original activation map (c) reconstructed activation map from 400 modes.

performs sparse kernel regression based on a sparsity inducing prior on the weight
parameters within a Bayesian framework. Unlike the commonly used Elastic-Net
or Lasso approaches (based on L1 Norm a.k.a Laplacian prior), the RVM method
does not require to set any regularization parameters through cross-validation.
Instead, it automatically estimates the noise level in the input data and per-
forms a trade-off between the number of basis (complexity of the representation)
and the ability to represent the signal. Furthermore, unlike SVM regression or
Elastic-Net, it provides a posterior probability of each estimated quantity which
is reasonably meaningful if that quantity is similar to the training set. In our
setting, we used Gaussian kernels for the non-linear regression whose variance of
the kernel parameters need to be defined. The RVM regression only selects the
input BSPM feature set that can best explain the activation map in the training
set, thus limiting the risk of overfitting. RVM is a multivariate but single-valued
approach and therefore the regression was directly performed on the reduced
space of Sect. 2.3: only 400 regressions are needed to perform an estimation of
the 14 K activation times. We used a Gaussian radial basis function with a ker-
nel bandwidth of 1e4 (from cross-validation). On an EliteBook Intel Core i7, a
regression of 1000 training samples and 1235 features runs in 40 s.

3 Application to the Personalisation of a Simultaneous
Biventricular Pacing

3.1 Simultaneous Biventricular Pacing Personalisation

We consider here a non-ischaemic implanted CRT patient that underwent a pac-
ing lead optimization procedure with a BSPM device. In particular, the 205 work-
ing torso electrodes recorded a biventricular simultaneous pacing. The anatomy
as well as the location of the torso sensors and the pacing leads were extracted
from CT images. Because of important artifacts coming from the pacemaker,
only a coarse epicardial geometry of the myocardium is visible. That is why
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a generic volumetric myocardial mesh of roughly 65 K tetrahedra was manually
registered and scaled to the epicardial geometry. The CardioInsight Technologies
software also solves the inverse problem on this epicardial surface (based on the
standard formulation using a Tikhonov regularization and the generalized mini-
mal residual algorithm), see Fig. 3(a). In this work, we used this activation map
as part of the evaluation of our method. From this simultaneous pacing, we want
to retrieve the two onset locations. Locating both activation onset locations by
means of an EP model parameter estimation has first been studied by He et al.
[7], but only on synthetic data. For this particular goal, our simulated training
set was composed of 1000 simulations with fixed conduction velocity (0.5m/s)
and with two onset locations randomly selected on the surface of the myocardial
mesh (endocardium and epicardium).

3.2 Results

We compare here the results of the activation map regression of (i) the Ker-
nel Ridge Regression provided by [2], (ii) the RVM regression independently on
each point of the cardiac mesh and (iii) the RVM regression using the reduced
shape space (Fig. 3). The two ground truth onset locations (pacing sites) are
the red dots. On top is the flattened representation of the left ventricular endo-
cardium, where the apex is at the center [8]. The activation map provided by the

(a) CardioInsight (b) KRR (c) RVM (d) RVM reduced

Fig. 3. Results for locating both onsets: ground truth lead locations are the red dots.
(a) CardioInsight inverse solution (b) kernel ridge regression activation map result (c)
relevance vector regression separately for the 14K vertices (d) relevance vector regres-
sion on 400 modes of the reduced space. The color maps are showing short activation
times (red) to large ones (purple). On top: flattened representation of the left endo-
cardium in the conventional orientation (i.e. anterior on top). (Color figure online)
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CardioInsight system on the coarse surface mesh is shown in Fig. 3(a). Although
this map is not precise and cannot be used as a ground truth, it gives an idea
of the wave shape. We can see that the kernel ridge regression acts as a blurry
mixture of both initializations, not able to separate them. The RVM regression
performed on each vertex captures the two onset zones, but the resulting acti-
vation maps are noisy and the two minimal values are not easy to capture. The
error distances to the true pacing leads are 31.7 mm (left lead) and 41.2 mm
(right lead). On the other hand, the RVM performed on the reduced space cap-
tures two onset locations with an error distance of less than 23 mm for both
leads, while having a smooth solution. The mean number of relevance vectors
retained was 213 (out of 1000 samples).

The RVM provides the result as a Gaussian probability distribution, where
the retained solution of each regression was the mean. By looking at the esti-
mated variance across each mode, we can estimate the confidence on our result.
On Fig. 4 are plotted the projections on the first spectral modes of the simulated
activation maps (training set) as well as the estimated solution. We have also
represented the confidence interval (± standard deviation, std). First, we can see
that the retained sample lies inside the training set point cloud, which is impor-
tant for RVM to perform well. We have projected the point-wise estimated std
onto the myocardial mesh (Fig. 5(a)) where we can see that all the vertices from
the left ventricle have an estimated std below 17 ms (and below 14 ms for the
septum). Although higher values (max: 28.9 ms) are found in the right ventricle,
we can notice that the estimated activation times from this region were greater
than 100 ms.

Fig. 4. Confidence interval in the reduced space (± std): (a) projection on modes
1 and 2 (b) projection on modes 2 and 3. blue dots: projection of the 1000 simulated
activation maps used for training. Red dot: estimated activation map. (Color figure
online)

However, the confidence on the activation times is not sufficient to quantify
the onset location error. This is why we additionally randomly sampled 10 K
coordinates from the estimated Gaussian distribution in the reduced space (see
red ellipsoid from Fig. 4). We then reconstructed the activation maps for each
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Fig. 5. (a) Standard deviation (std) of the estimated activation time, in milliseconds.
All the points in the left ventricle have an estimated std below 17 ms. (b) Locations
of the right onset when randomly sampling the estimated Gaussian distribution of the
reduced space (10 K samples).

one of them and retrieved their minima as estimations of left and the right onsets
(see Fig. 5(b) for the right onset). For the most probable location, the distance
error to the ground truth location was 12.3 mm for the left lead and 24.5 mm for
the right lead. The standard deviation of the error was 18 mm for the left onset
and 11.4 mm for the right onset. We can notice that the left onset was located
more accurately, however with less confidence.

4 Discussion

The presented method holds several limitations. One current limitation of the
RVM regression is the fact that it only performs multivariate regression of a
single output scalar value but not of a vector value (unlike KRR for instance)
although multivalued versions have been recently proposed [9]. Concerning the
reconstruction from the reduced space, we also tested it with sharp edges in
the activation map, like scar tissue blocking the activation wave. Despite higher
errors of activation times in the scar, the boundaries of the scar were well cap-
tured so we hope we could extend our method to ischemic patients.

The estimations of the covariance matrix of the activation map are provided
as a by-product of the RVM regression, giving an estimation of the regression
error. However, other sources of error may be taken into account in order to
have a full apprehension on the confidence of the result. We think it is the
reason why the cloud of possible onsets of Fig. 5(b) did not exactly include the
true lead. If the torso sensors were well localized by the CT scan, we had to use a
generic mesh because no precise myocardial shape was available. We would like
to test our method on patient-specific myocardial meshes which will also help
in modelling the error source when using generic meshes. Regarding the errors
coming from the BSPM data, they were considerably reduced by the fact that
the disconnected or bad leads were automatically excluded, and that we added
some Gaussian noise to our simulated BSPM for robustness. Finally, we should
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also evaluate the EP modelling errors, for instance by analyzing the discrepancy
between the true and simulated BSPM signals.

This new method has been tested on only one patient so more experiments
are needed for its validation. As a future work, we want to exploit the generic
properties of this approach to robustly estimate additional cardiac parameters,
like the (local) conduction velocity for instance.

5 Conclusion

We presented a new methodology for multiple onset estimation from BSPM and
applied it to one clinical dataset. This was integrated in a novel framework for the
personalisation of cardiac EP parameters from BSPM data. This method relies
on the generation of a simulated patient-specific database on which a relevance
vector regression estimates the activation map from a new set of BSPM signals.
As input, specific shape-related features were extracted from the BSPM. As
output, the activation map was projected onto a reduced space defined from
myocardial shape oscillations. This pipeline enables the estimation of parameters
in more complex situations, as the example presented here with the location
of two onsets from a real biventricular pacing BSPM sequence. We think this
method could be useful for a generalization of cardiac EP personalisation, one
of the advantages being the confidence on the regression provided by the RVM.
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Abstract. As models of cardiac electrophysiology (EP) are maturing,
an increasing effort is being put in their translation to the bed side,
in particular for abnormal cardiac rhythm diagnosis and therapy plan-
ning. However, the parameters that govern these models need to be esti-
mated from noisy and sparse clinical data in an efficient and precise
way, which is still an unsolved challenge. Invasive cardiac mapping pro-
vides the richest EP information available today. This paper proposes
a new method to estimate a local map of electrical conductivities of
the bi-ventricular heart by applying the back-propagation error concept,
widely used in neural networks. The method works when either endo-
cardial or epicardial activation time maps are available, and can cope
with heterogeneous cardiac tissue. The method was evaluated on syn-
thetic data, showing significantly increased performance in goodness of
fit compared to a global parameter estimation approach. The resulting
predictive power of the personalized model for cardiac resynchroniza-
tion therapy was then assessed on 16 swine models of left bundle branch
block with rich imaging and EP data before and after CRT. With the
proposed personalization, the average error in activation time post CRT
was 10 ± 4.5 ms, lower than the observed pre/post-CRT difference of
26.3 ± 16.8 ms.

1 Introduction

Computational models of cardiac electrophysiology (EP) are reaching a level of
maturity that enables the development of new tools to support clinical manage-
ment of cardiac rhythm diseases. Application to atrial or ventricular arrhyth-
mias [1], bundle branch blocks [12], ablation therapy [2] and cardiac resynchro-
nization therapy (CRT) [10] have been explored. Yet, one crucial challenge that
still needs to be addressed is the efficient, robust and precise estimation of the
parameters that govern the equations associated to EP models, so as to indi-
vidualize them and capture the specific patho-physiology of the patient under
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 239–248, 2017.
DOI: 10.1007/978-3-319-59448-4 23
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consideration [3]. Due to the sparsity and noisy nature of clinical data (imag-
ing, ECG or, in the best case, electro-anatomical mappings (EAM)), not all
the parameters can be observed and assumptions are required. Also, due to
the computational burden, only a few parameters are estimated and uniformity
assumptions, or even default values determined from animal experiments, are
often used [5,6,11].

This paper focuses on the estimation of local, point-wise conduction velocities
within the bi-ventricular myocardium from activation maps. Several approaches
have been proposed in the past, including coarse-to-fine optimization [8] or with
uncertainty quantification [15]. A comprehensive review can be found in [3]. Yet,
the local estimation of the conduction velocity remains a challenge due to the
high number of unknown variables and computational demand.

Inspired by neural network theories [4], we propose a novel, back-propagation
technique to estimate the electrical conductivity along the edges of a volumet-
ric mesh representing the bi-ventricular myocardium (Sect. 2). The approach
assumes a front propagation without re-entry and the availability of at least one
of endo- and epi-cardial maps of local activation times (LAT). Given measured
LAT and a graph-based model of cardiac EP, the errors between simulated and
measured LATs are iteratively propagated back with respect to the front-wave to
adjust the conduction velocities of every edge of the mesh. The approach copes
with different tissue types and anisotropy. The method was verified on synthetic
data (Sect. 3). The algorithm performance in predicting the electrical response of
CRT was then evaluated on 16 comprehensive swine datasets, showing promising
generalization performance. Section 4 concludes the paper.

2 Methods

2.1 Forward Model of Cardiac Electrophysiology

Anatomical Model. The anatomical model is estimated following the frame-
work described in [6]. In brief, machine learning algorithms are employed to
efficiently segment the left (LV) and right (RV) ventricle endocardia and LV
epicardium from cine MRI. The surfaces are then fused together and a volu-
metric tetrahedral mesh created. By leveraging the point-correspondences of the
segmented meshes, myocardium fibers and mesh tags (LV/RV septum, LV/RV
endocardium) are defined automatically (Fig. 1).

EP Model. The resulting volumetric mesh defines the computational domain
for solving the EP equations to get point-wise LATs. This work relies on a graph-
based EP model, termed GraphEP, in which the LAT at each point of the mesh
is calculated given LV, RV septal and device activation points using a shortest-
path algorithm adapted to the EP use case [6,14,15]. A generalized edge weight
is calculated such that the conduction velocity along each edge takes into account
the different tissues it traverses and the local anisotropy. Let pi and pj be two
connected mesh points. The generalized edge weight wij , measured in seconds,
corresponds to the time needed for the action-potential to travel from pi to pj :



Estimation of Local Conduction Velocity from Myocardium Activation Time 241

A B C

LV endo

LV septum

RV endo
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septum

Fig. 1. Left: MR image volume from which the cardiac structures are segmented.
Middle: segmentation of the heart structures as a transparent mesh. Right: anatomical
model used for the computation, with color lines representing myocardium fibers.

wij = lij/cij , where lij =
√

(eT
ijDeij), eij = pi − pj , D is the anisotropy tensor

defined as D = (1 − r)fijfT
ij + rI, fij is the fiber direction along the edge and

r the anisotropy ratio (r = 0.3). cij is the apparent conduction velocity in m/s
along the edge approximated linearly from the conduction velocity ci and cj

and the different tissue types the edge traverses. In other words, the EP model
is essentially a Dijkstra shortest path propagation of activation time along the
mesh edges, in which the cost is controlled by the parameters described here.

EP Activation Model. Intrinsic cardiac stimulation is modeled by an instan-
taneous activation of the LV and RV septum, to mimic the effects of the His
bundle. In terms of the Dijkstra graph model, this means setting the point-wise
activation time to zero on these mesh regions. Fast activation from the Purkinje
network is modeled assigning different conduction velocity to a smooth, thin
layer of nodes distributed all over the endocardial surfaces of the LV and RV
(cLV and cRV). The thickness of this fast conducting layer is set to 3 mm to
model swine Purkinje system, which goes deeper within the myocardium than
in humans. With these conditions and material properties set, the shortest-path
propagation is calculated to obtain the full EP activation across the heart.

2.2 Local Estimation of Conduction Velocities

Electro-anatomical mapping data (EAM) is integrated with the MRI surface using
a quasi-conformal mapping technique (QCM). QCM takes advantage of the exis-
tence of a homeomorphism between the LV endocardial surface and a 2D disk. By
mapping both MRI and EAM surfaces to the same disk we can easily establish a
piecewise linear homeomorphism between the two surfaces, as in [13].

The personalization algorithm is initialized by estimating three conduction
velocities (cLV, cRV and cMyo) that minimize the sum of squared distances (SSD)
between measured and simulated LATs at the points where measurement is avail-
able. These three values are the velocity in the Purkinje layer of the left ventricle,
in the Purkinje layer of the right ventricle, and in the myocardium, respectively.
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This initialization step is hereafter referred to as the global personalization step,
as these conduction velocities are merely estimated as a single value for each
particular tissue region. Formally, the SSD objective is defined as:

D =
N∑

i=0

(mi − ci)2 (1)

where mi is the measured activation time at point i, and ci is the calculated
activation time at point i. The distance is calculated over all the N points where
measured activation time data is available. Note that the conduction velocities
could be calculated volumetrically, e.g. just on the edges. We chose a point-wise
implementation primarily for ease of integration in the rest of our data process-
ing workflow, particularly for visualization purposes. Point-wise conductivities
also allow modeling an apparent conductivity when the edge crosses different
tissue types. A standard, trust-region technique is employed [7]. Next, the gen-
eralized edge weights are estimated wij . Let L be the loss between measured and
computed LATs, L =

∑N
i=0(tm,i − tc,i)2, where N is the total number of points

where measurement is available, tm,i and tc,i are the measured and computed
activation times at point i, respectively. If the EP wave propagates without
re-entries, one can see the mesh nodes arranged in layers approximatively par-
allel to the EP iso-chrones, similar to a neural network layer. The input layer
is thus the set of activation points, and the output layer can be defined as the
set of nodes where LAT measurement is available, to enable back-propagation
parameter estimation. Thus after the initial global personalization, we seek to
personalize the point-wise conductivities based on back-propagation along the
edges until the error at the data points reaches a convergence tolerance. The
edges which are not reached by the backpropagation algorithm keep their con-
ductivity values assigned during the global personalization. A variant of gradient
descent with step α is used to adjust the generalized edge weights wij so as to
minimize L: w′

ij = wij − α ∂L
∂wij

. Assuming that the LAT at point j is known,
the partial derivative can be written as:

∂L
∂wij

=
∂L

∂tc,j

∂tc,j
∂wij

(2)

As a property of the backpropagation framework implemented on the mesh
graph, the edge weight wij only effects the overall loss function L based on
its affect on the output at point j. Note that this statement follows from the
perspective of the personalization step, in which the errors are propagated back-
wards rather than forward. Thus, Eq. 2 writes:

∂L
∂wij

= −2(tm,j − tc,j)
∂tc,j
∂wij

Exploiting the fact that the solution is a shortest path solution, the second term
becomes:

∂tc,j
∂wij

=

{
1 if arg mink∈neighbors(j)(tc,k + wkj) = i

0 otherwise
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If the LAT at point j is unknown, Eq. 2 is unrolled to the previous layers through
the chain rule:

∂L
∂tc,j

=
∑

k∈neighbors(j)

∂L
∂tc,k

∂tc,k
∂tc,j

with
∂tc,k
∂tc,j

=

{
1 if arg mini∈neighbors(k)(tc,i + wki) = j

0 otherwise

and so on until the activation points are reached.
Once the edge weights are estimated, the point-wise conduction velocities ci

are derived. When both edge extremities belong to the same tissue type, ci and
cj are trivially obtained. In the case they belong to different tissue types, the
problem becomes ill-posed. To address this challenge, we assume the ratio of con-
duction velocities between different tissue types stays constant throughout the
heart. The ratios are obtained directly from the initial personalization (cLV/cRV,
cLV/cMyo and other combinations, including scar and border zone when avail-
able). As an example, let point i belongs to LV endocardium and point j belongs
to myocardium, L the distance between i and j, l the distance between i and
the boundary between tissue types, c the estimated apparent conductivity along
this edge and ρ the ratio cj/ci. In this case, we have:

ci =
ρl + (L − l)

ρL
c, cj = ρci (3)

Because each edge is processed independently, one vertex may have several esti-
mated conduction velocities. In this case, the average value is taken and clamped
within a physiological range for stability.

3 Experiments and Results

Data Acquisition Protocol. 16 pigs (average weight = 34 (30/35) kg) were
studied, a sub-set of a larger database [9]. A left bundle branch block (LBBB)
was induced in all animals using radio-frequency ablation. A cardiac resynchro-
nization therapy (CRT) device was then positioned in the animal model. The RV
lead was placed at the apex while the LV lead was positioned through a lateral
or antero-lateral position of the LV epicardial surface. All pigs received an MRI a
week before the experiment. LV endocardial and epicardial EAMs were acquired
on the day of the experiment after LBBB (hereafter referred to as baseline), and
with CRT pacing. An example of the data from these pig experiments is shown
in Fig. 3. In all our experiments, both endocardial and epicardial EAMs were
used. With respect to the gradient method, in all cases we used a stopping crite-
ria of 0.01 ms in the activation time fitting. The maximum number of iterations
allowed was 30 for the dense GraphEP personalization. All cases were observed
to converge within this number of iterations.
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Verification on Synthetic Data. The proposed GraphEP personalization
method was first evaluated on synthetic data with known conductivity. The
forward model was used to calculate “ground-truth” point-wise LAT on the
endocardial and epicardial surface. Nine different distribution patterns of con-
ductivity and LAT were generated (Fig. 2). First, conduction velocities were set
within the endocardium layer prescribing the Purkinje network by (1) linearly
varying conductivity values along the X, Y and Z axis of the anatomy within
the interval [1.5, 4.0] m/s (3 models), (2) random velocities per American Heart
Association (AHA) regions, within the same range (3 models), and (3) 10 random
regions defined using region growing around random seeds (3 models). The endo-
cardial conduction velocity was then propagated throughout the myocardium by
assuming a constant Purkinje/myocardial cells ratio of 3. This procedure was
repeated on two heart meshes generated from two different pigs, resulting in a
total of 18 synthetic datasets. Finally, a virtual CRT was performed by placing
an RV and LV electrode at standard location to test the predictive power of the
personalized model.

Fig. 2. Conductivity distribution of the synthetic datasets with (a) linearly varying
distribution along the Y axis, (b) distribution according to AHA regions, and (c) region-
growing regions based on random seeds.

The computed activation times normalized with respect to the simulated
QRS duration is reported for both global and local personalization in Table 1.
The proposed estimation method effectively estimated the ground truth con-
ductivities, yielding an LAT error of less than 1 ms in average, compared with
4 ms for a global personalization. In all experiments, over-fitting was not severe
since the CRT prediction was also significantly more accurate with locally esti-
mated conductivities (1.3 ± 0.4 vs. 6.2 ± 2.6 normalized AT error respectively).
Interestingly, the performance of the proposed method was relatively insensitive
to the distribution of conduction velocities, as highlighted by the min and max
normalized LAT errors calculated as in Eq. 1. (Table 1).
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Table 1. LAT errors between computed and ground truth on synthetic datasets, nor-
malized with respect to QRS duration. For both baseline and CRT, the proposed local
personalization yielded significant improvements in terms of accuracy (paired t-test,
p < 0.5, values reported as mean ± SD (min, max)).

Global Local

Baseline 4.4 ± 1.4(2.4, 7.2) 0.6 ± 0.2(0.2, 1.2)

CRT 6.2 ± 2.6(1.9, 11) 1.3 ± 0.4(0.8, 2)

Evaluation on Animal Data for Cardiac Resynchronization Therapy.
The result of the personalization after the global initialization and after the
local refinement are compared. Both endo- and epi-cardial measured EAMs were
used. The baseline and CRT simulation errors compared to the measurements
for all pigs are presented in Table 2, with example visualizations of measured
and simulated activation maps shown in Fig. 3. The results confirmed the trend
observed in synthetic data. Table 2 shows that the proposed local estimation
method consistently resulted in lower mean LAT error across the whole heart
and also when considering each ventricle individually, in the case of both baseline
rhythm and after CRT. It is also interesting to note the lower standard deviation
of LAT errors for the proposed method, which points toward the improved ability
to accurately personalize local variations in conductivity across the heart. In both
the global and local personalization methods, the residual error was consistently
higher for CRT than the baseline. This reflects the complexity of accurately
modeling all of the parameters involved in CRT, such as lead placement, which
could only be approximated from the EAMs as the center of the early activation
areas. It is especially important to note that the QRS length at baseline LBBB
was measured to be on average 46.6 ± 18.3 ms, and after CRT was found to
be 70.3 ± 14.0 ms (in some animals, the electrodes were not placed optimally).
As a result, the simulated LAT errors were below the activation difference in
pre/post-CRT.

Computation time. In this experiment, a personalization took less than one
minute without code optimization on a tetrahedral mesh of approximately 14,000
vertices using a standard laptop (Intel Core i7-4800MQ 2.70 GHz, 8 GB of RAM),
owing to the fast graph-based algorithms.

Table 2. Absolute LAT errors (in ms) for baseline and CRT simulations in the swine
dataset. Values reported as mean ± SD, per ventricle and over the entire bi-ventricular
myocardium. Goodness of fit and predictive power significantly improved after local
personalization.

Global Local

WholeHeart LV RV WholeHeart LV RV

Baseline 12.2 ± 5.2 8.8 ± 4.0 11.8 ± 5.3 3.7 ± 1.7 4.8 ± 2.0 2.0 ± 0.9

CRT 14.8 ± 6.6 24.4 ± 11.7 25.8 ± 12.0 10.0 ± 4.5 15.4 ± 6.7 17.8 ± 8.1
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Fig. 3. Example data from two pigs showing the measured EAMs during baseline
LBBB rhythm and CRT activation, with the corresponding simulated EAMs using
the proposed local personalization of conductivity. The approach yielded qualitatively
similar maps at baseline and during CRT, suggesting a good fit to the data.

4 Discussion and Conclusion

This paper presented a novel method to estimate the electrical conduction veloc-
ity at every point of the myocardium. The proposed method has a number of
advantages. It allows personalization of heart activation patterns to the resolu-
tion of the computational domain mesh, while being extremely computationally
efficient. The method is also adaptable to varying levels of sparsity in the mea-
sured LAT input values. However, one disadvantage of using a variant of back-
propagation is the potential over-fitting of the model. Yet, the obtained CRT
predictions suggest predictions are still much more precise with the proposed
method than with global estimation. Further investigation is needed to evaluate
the sensitivity of the method to noise and missing data. Possible future direc-
tions are to incorporate prior knowledge of the heart conduction pathways to
regularize the personalization, add measurement uncertainty to the estimation
process, and further validate the approach.

Disclaimer: This feature is based on research, and is not commercially available.
Due to regulatory reasons its future availability cannot be guaranteed.
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Abstract. Cardiac cell models have become valuable research tools, but
biophysically detailed models embed large numbers of parameters, which
must be fitted from experimental data. The provenance of these para-
meters can be difficult to establish, and so it is important to understand
how parameter values influence model behaviour. In this study we exam-
ined how model parameters influence the repolarising current IKr in the
Courtemenache-Ramirez-Nattel model of the human atrial action poten-
tial. We used a statistical approach in which Gaussian processes (GP)
are used to emulate the model outputs. A GP emulator can treat model
inputs and outputs as uncertain, and so can be used to directly calculate
sensitivity indices. We found that 3 of the 10 parameters influencing IKr

had a strong influence on APD70, APD90, and Dome Vm. These three
parameters scale the magnitude of the IKr gating variable time constant
and the voltage dependence of the steady state activation curve, and
these mechanisms act to modify the amplitude of IKr during repolarisa-
tion. This study highlights the potential value of statistical approaches
for investigating cardiac models, and that uncertainties or errors in para-
meters resulting from attempts to fit experimental data during model
development can ultimately affect model behaviour.

1 Introduction

Since the introduction of the first model of cardiac cellular electrophysiology over
50 years ago [12], models of electrical activation and recovery in cardiac cells have
become important research tools. The present generation of cardiac cell models
represent not only changes in transmembrane potential resulting from movement
of ions through the cell membrane, but also the diffusion, storage, release, and
uptake of Ca2+ within the cell [5]. Typically, cardiac cell models are a stiff, non-
linear system of coupled ordinary differential equations, and are solved using a
numerical scheme to obtain time series of membrane voltage, intracellular Ca2+

concentration, and other quantities of interest.
Each of the equations involve parameters; for equations describing trans-

membrane current flow through ion channels, pumps, and exchangers these para-
meters typically include a maximum current density per unit membrane area,
c© Springer International Publishing AG 2017
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and other parameters that regulate the dynamic behaviour of the current. The
parameters are fitted from experimental data often following the approach pio-
neered by Hodgkin and Huxley [6]. Many models take a modular approach to
building the full suite of equations representing transmembrane current flow,
with re-use of parameters from older models and experiments. The provenance
of these parameters is not always easy to establish [11], yet the influence of
uncertain parameters on model behaviour is difficult to assess because of model
complexity.

Recent studies have begun to address this problem by examining the sen-
sitivity of model outputs such as action potential duration (APD) to variable
model parameters [2,16]. These studies have concentrated on maximum conduc-
tances of ion channels, but even with this subset the potential parameter space
to explore is vast. Although cardiac cell models are relatively cheap to compute,
a comprehensive exploration of very high dimensional parameter space remains
computationally demanding.

An alternative approach is to build a statistical model (an emulator or meta-
model), which acts as a fast running surrogate for the original model or simu-
lator. This approach has been used to examine models of systems including
atmospheric pollution [8] and galaxy formation [17], where the emulator is a
Gaussian process (GP) [13]. A particular advantage of a GP emulator is that
the simulator parameters, or inputs, can be treated as uncertain so that they
are represented by a distribution rather than a fixed value. Using Gaussian (nor-
mal) distributions allows direct calculation of expected mean and variance of an
output given uncertainty in the inputs. The proportion of output variance that
is accounted for by variance in each input is then a first order sensitivity index
[13]. Furthermore, the main effect of model inputs can be directly calculated,
showing how a single input affects an output given specified distributions on the
other inputs. This approach has been used to examine cardiac cell models, where
inputs were ion channel maximum conductances and outputs were features of
the action potential [3,7].

The rapidly inactivating K+ current IKr regulates repolarisation in car-
diac myocytes, and is an important pharmaceutical target. The aim of the
present study was therfore to undertake sensitivity analysis of the IKr channel
in the Courtemanche-Ramirez-Nattel (CRN) model of the human atrial action
potential [4].

2 Methods

2.1 CRN Model Inputs and Outputs

The equations describing the IKr current in the CRN model [4] are given below.
The current density IKr is given by

IKr =
gKrxr (Vm − EK)

1.0 + exp
[
Vm + Kr1

Kr2

] . (1)
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where the gating variable xr varies between 0 and 1, and is given by

dxr

dt
=

xr∞ − xr

τxr
; (2)

where the gating variable time constant τxr and steady state activation xr∞
depend on transition rates αxr and βxr;

αxr = Kr3
Vm + Kr4

1.0 − exp
[
−Vm + Kr4

Kr5

] , (3)

βxr = Kr6
Vm − Kr7

exp
[
Vm − Kr7

Kr8

]
− 1.0

, (4)

τxr =
1.0

αxr + βxr
, (5)

xr∞ =
[
1.0 + exp

(
−Vm + Kr9

Kr10

)]−1

. (6)

Each of the 10 parameters labelled Kr1 to Kr10 appear as numbers without
units in the original formulation, and in this study we examined variation in the
range 0.5× to 1.5× these values as shown in shown in Table 1. The maximum
conductance gKr was set to a baseline value of 0.0294 nS/pF and EK was set
to −86.7653 mV for fixed intracellular K+ concentration, as described below.

Table 1. Baseline values for each input, and range over which each input was varied
for design data.

Parameter Baseline Range

Kr1 15.0 (7.5–22.5)

Kr2 22.4 (11.2–33.6)

Kr3 3.0 ×10−4 (1.5–4.5) ×10−4

Kr4 14.1 (7.05–21.15)

Kr5 5.0 (2.5–3.75)

Kr6 7.3898 ×10−5 (3.6949–11.0847) ×10−5

Kr7 3.3328 (1.6664 –4.9992)

Kr8 5.1237 (2.5619–7.6856)

Kr9 14.1 (7.05–21.15)

Kr10 6.5 (3.25– 9.75)

We identified seven outputs that describe features or biomarkers of the action
potential, based on previous work [2,3], and these are illustrated in Fig. 1.
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Fig. 1. Action potential features

2.2 Implementation of CRN Model

The CRN model equations were implemented in Matlab (Mathworks, CA), using
code automatically generated from the CellML repository (http://cellml.org).
The cell models were solved using the Matlab ode15s time adaptive solver for
stiff systems of ODEs, with tolerances set to 10−6. The CRN model does not
properly balance intracellular ion concentrations [18], so we fixed [Na+]i and
[K+]i at baseline values of 11.1 mM and 139.0 mM respectively.

2.3 Emulator Design Data

For fitting and evaluating the GP emulators, we obtained design data comprising
a set of 500 simulator runs. For each run, a value for each input was selected
from the range shown in Table 1, using Latin hypercube sampling to ensure
an even distribution of points in the input space. To achieve a stable action
potential duration, each simulator run included 40 stimuli of strength −2.0 nA
and duration 2 ms delivered at a 1000 ms cycle length to represent a resting
human heart rate. The final action potential in this sequence was used to obtain
the outputs. The distribution of action potentials and IKr gating dynamics are
shown in Fig. 2, where the influence of uncertain inputs on repolarisation is
clearly visible.

2.4 Sensitivity Analysis

First order sensitivity indices produced from a GP emulator represent the pro-
portion of total output variance that is accounted for by variance in each input
[13]. We assumed that inputs and outputs could be described by a normal dis-
tribution, with the mean of each input set to the baseline value and variance set
to 0.01 of the range shown in Table 1.

http://cellml.org
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Fig. 2. Design data showing (a) final action potential out of a sequence of 40; (b) stabil-
isation of APD90 during the 40 beat sequence; (c) and (d) voltage dependence of steady
state activation xr∞ and gating variable time constant τxr for each set of inputs. Bold
lines indicate the model behaviour for baseline values of the inputs, grey lines show
design data.

3 Results

3.1 Emulator Fitting and Evaluation

We fitted and evaluated a separate GP emulator for each of the 7 outputs, using
an open source Python implementation; details including the URL have been
withheld to ensure anonymity of the authors.GP emu UQSA (available from http://
doi.org/10.5281/zenodo.215521). For each output, the 500 design data were sep-
arated into a training set of 450 simulator runs and a test set of 50 simulator
runs. Emulator hyperparameters were fitted to the training set with a maximum
likelihood approach described previously [3], using the fmin l bfgs b optimisa-
tion function available in the Python SciPy package. Fitting was repeated five
times to ensure that local maxima were avoided, and the fit with greatest like-
lihood was selected. The test set was then used to compare outputs predicted
by the emulator against those produced by the simulator for the same set of
inputs. The difference between emulator and simulator outputs was summarised

http://doi.org/10.5281/zenodo.215521
http://doi.org/10.5281/zenodo.215521
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Table 2. Fit and evaluation of emulator for each output.

Emulator Expectation
of mean

Expectation of
variance

Mahanalobis
distance

dVm/dtMax.(mV/ms) 218.13 0.007 63.85

VmMax.(mV ) 24.47 5.62 ×10−6 9.43

NotchVm(mV ) −12.64 0.02 41.92

DomeVm(mV ) −8.62 0.015 43.29

APD70(ms) 233.04 59.26 49.99

APD90(ms) 300.14 89.69 51.19

RestingVm(mV ) −80.81 0.001 38.12

using the Mahanalobis distance, which for a test set of 50 runs has a reference
distribution with mean 50 and standard deviation 10.5 [1] (Table 2).

We considered a Mahanalobis distance between 30 and 70 (i.e. ± 2 SD)
to indicate a well fitted emulator, and the only emulator that did not meet
this criterion was VmMax.. The was not surprising, since IKr predominantly
influences repolarisation, and inspection of the design data showed a change of
only ±0.06 mV in VmMax. arising from inputs varied across the full range.

3.2 Sensitivity Indices

The first order sensitivity indices were obtained using GP emu UQSA and are
shown in Fig. 3. Each row shows the relative contribution of each input, and

Fig. 3. Sensitivity indices for each combination of input and output. The column to
the right is the sum of sensitivity indices for each output. Inputs Kr3 and Kr4 scale
the magnitude and voltage dependence of gate activation (Eq. 3), and input Kr9 scales
the voltage dependence of steady state activation (Eq. 6).
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Fig. 4. Main effects of inputs Kr3, Kr4, and Kr9 on (a) APD70, (b) APD90, and
(c) dome Vm. Each input is plotted on a normalised scale corresponding to the range
in Table 1.

the sum of these contributions is shown in the column to the right of the main
figure. For six of the emulators, the sum of sensitivity indices was close to 1.0,
indicating that interaction effects are negligible. The sum of sensitivity indices
for the VmMax. emulator was lower, indicating additional variance arising from
either the relatively poor fit or possible interactions.
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Fig. 5. Effect of multiplying inputs (a) Kr3 and (b) Kr4 by 0.5 and 1.5 on voltage
dependence of τxr, and effect of multiplying Kr9 by 0.5 and 1.5 on (c) xr∞, and (d) IKr

calculated using steady state values of xr, xr∞. Bold lines show baseline model output.
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Three of the inputs had the greatest effect on the outputs: Kr9 influenced all
outputs except for Dome Vm, Kr3 had a strong effect on Dome Vm, and Kr4 had
an intermediate effect on all outputs. In Fig. 4 we have plotted the main effect
(obtained using GP emu UQSA) of these three inputs on APD70, APD90, and
Dome Vm. The main effect is the change in the expected mean of the emulator
output as one input changes while all others are assigned a fixed distribution
with mean 0.5 and variance 0.01 (in normalised units). These plots show that
increasing all three inputs acts to decrease APD.

3.3 Insight into Model Mechanism

The mechanisms by which Kr3, Kr4, and Kr9 act to modify the action potential
shape and duration are shown in Figs. 5 and 6. In Fig. 5 the effect of multiplying
Kr3, Kr4, and Kr9 by 0.5 and 1.5 on the voltage dependence of τxr, xr∞,
and steady state IKr is shown. An increased Kr3 and Kr4 resulted in a shorter
activation gate time constant, while an increased Kr9 resulted in a leftward shift
in the voltage dependence of xr∞, and consequently an increased IKr at voltages
close to 0 mV .

The effects of changes in the gating parameters on IKr, IKs, and the action
potential are shown in Fig. 6. Increased Kr3, Kr4, and Kr9 all acted to increase
the magnitude of IKr, resulting in more outward current during the plateau
phase of the action potential and a shorter APD. The increased outward current
led to a more rapid repolarisation, which in turn acted to reduce magnitude
of IKs. The change in IKs compensated for increased IKr, but not enough to
offset the increase in outward current. The magnitude of other currents was not
changed (data not shown).

4 Discussion and Conclusions

In this study we have focussed on how the dynamical behaviour of a single
ion channel depends on parameters (or inputs) that are fitted from experimental
data. We have used GP emulators to calculate sensitivity indices, and have iden-
tified three inputs that have the greatest influence on model outputs. This study
builds on previous work that has studied how maximum ion channel conductance
influence model outputs [2,3,15,16], and another study that has investigated how
the dynamics of INa influence model behaviour [14]. Taken together, these stud-
ies show that tools developed for other modelling communities can be valuable
for examining computationally intensive cardiac models, and that uncertainty or
errors in fitting cardiac cell model parameters may have an important influence
on model behaviour. The present study highlights a number of directions for
future research, and these are discussed below.

Several different approaches have been adopted for sensitivity analysis of
cardiac models, and these include partial least squares regression [9,16] and a
population of models [15]. In this study we chose to construct GP emulators
to examine the properties of the IKr formulation in the Courtemanche model
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because this approach has already shown promise for analysis of complete car-
diac cell models [3,7]. One advantage of GP emulators over other techniques is
that the emulator can treat model inputs and outputs as uncertain quantities.
Under the assumption that inputs and outputs have a normal distribution then
is it possible to directly calculate an output distribution given distributions on
model inputs, and this approach is computationally very efficient compared to
a more standard Monte Carlo method [3]. Another benefit from a fast-running
surrogate of a computationally demanding model is that a large number of model
runs can be used to identify sets of model parameters that are consistent with
experimental observations, a technique called history matching [17].

To fit the GP emulators, we generated design data by varying each of the
inputs Kr1 to Kr10 in the range 0.5× to 1.5× their baseline value. The baseline
values of these inputs are subject to constraints; for example Kr2, Kr3, Kr5,
Kr6, and Kr10 should be positive and non-zero. The range of model inputs over
which we trained the emulators was selected so that we could undertake sensitiv-
ity analysis without breaking the model. However, it is possible that sensitivities
are different outside this range. We also note that the effect of varying input Kr9
on the voltage dependence of steady state IKr shown in Fig. 5(d) results in a
curve that no longer fits the experimental data shown in Fig. 3 of [4]. History
matching of the IKr formulation to new experimental data, given our finding
that Kr3, Kr4, and Kr9 have a strong influence on model behaviour, would be
an interesting future direction and may be more computationally efficient than
other approaches [10].

We have only examined the dynamics of IKr at a single cycle length corre-
sponding to a resting human heart rate, and it is possible that different inputs
begin exert a stronger influence at shorter cycle lengths. Recent studies of cycle
length dependent sensitivity analysis have concentrated on the effect of inputs
that control the maximum flow of current through ion channels, pumps and
exchangers [9]. A useful extension of this approach and the present study would
be to combine analysis of maximum conductances with model inputs that control
ion channel dynamics.
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Abstract. In this paper we present a modified bidomain model, derived
with homogenization technique from assumption of existence of diffusive
inclusions in the cardiac tissue. The diffusive inclusions represent regions
without electrically active myocytes, e.g. fat, fibrosis etc. We present the
application of this model to a rat heart. Starting from high resolution (HR)
MRI, geometry is built and meshed using image processing techniques. We
perform a study on the effects of tissue heterogeneities induced with diffu-
sive inclusions on the velocity and shape of the depolarization wavefront.
We study several test cases with different geometries for diffusive inclu-
sions, and we find that the velocity might be affected by 5% and up to 37%
in some cases. Additionally, the shape of the wavefront is affected.

Keywords: Bidomain model · Heterogeneous conductivities · Fibrosis ·
Multiscale modelling · Image-based modelling

1 Introduction

The standard macroscopic model for the electrophysiology of the heart is the
bidomain model [10]. This model is an anisotropic three-dimensional cable equa-
tion, that represents the averaged electric behavior of the myocardium. The
electrical conductivity tensors for the intracellular and extracellular spaces are
anisotropic, with the electrical conduction being the fastest in the fiber direction.
In the standard bidomain model the anisotropy ratio in the intracellular space
is about 10:1, while in the extracellular space about 2:1.

The bidomain model assumes the existence of uniformly spread myocytes,
organized into a dense network [11,14]. It is a reasonable assumption for describ-
ing the propagation of the action potential in healthy tissues. In pathological
cases this assumption does not hold, as there are regions with large patches of
collagen or fibrosis. This is observed in ischemic and rheumatic heart disease,
inflammation, hypertrophy, and infarction [3]. In the current modeling of such
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 260–270, 2017.
DOI: 10.1007/978-3-319-59448-4 25



Conductivities in Heterogeneous Cardiac Tissue 261

defects, usually the standard models for the healthy tissues are used, with the
model parameters tuned in an ad hoc way.

An explanatory model was proposed for more rigorous tuning of the parame-
ters in such situations, in [5,6]. The main extension of this model w.r.t. the stan-
dard bidomain model is the existence of relatively large regions of tissue where
there are no myocytes, nor other kind of cells, and these regions are assumed
to be passive electrical conductors. They are called diffusive inclusions. The
diffusive inclusions may represent electrically passive infiltrations in the cardiac
tissue like fat, collagen, fibrosis etc.

In this paper we apply the proposed model to a slab of rat heart. We start
from HR-MRI data of a rat heart. We perform the image analysis to obtain a
computational domain, to define the diffusive inclusions and to find the local
volume fractions of the diffusive inclusions. These are then used in the simula-
tions of the modified bidomain model. Finally, we make a study of how different
diffusive inclusions might affect the shape and the velocity of depolarization
waves.

2 Modified Bidomain Model for Rat Heart

In this section we give an overview of the model proposed in [5,6]. Full derivation
of the model is out of the scope of this paper, since we want to focus on the
application of this model on a real rat heart.

On the microscopic scale, periodic diffusive inclusions have been embedded
into the healthy cardiac tissue, i.e. the bidomain model. In order to observe the
effects of these inclusions on the macroscopic scale a homogenisation technique
has been applied. This approach gives rise to the following two sets of problems:

– homogenised problem - that is in fact the macroscopic model that we were
looking for. In our case it is a modified bidomain model, where the effects of
inclusions are mainly contained in the conductivity tensors, as expected.

– cell problems - these are correction equations, used to calculate the modified
conductivity tensors. They are set on the unit cube of R

3 and represent a
rescaled typical volume of interest of cardiac tissue.

The general homogenisation approach is presented in [1,2]. It is a well known
technique in mathematical modelling, and has been used for example in the
derivation of the bidomain model [11,14].

2.1 Equations

Homogenized Problem. On the microscopic scale it is assumed that diffusive
inclusions are periodic with a period ε, such that l � ε � L, where L is the tissue
scale and l is the cardiac cell scale. Applying the mathematical homogenization
technique, assuming that ε goes to zero, an averaged non-dimensional model has
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been derived, and is given as follows

(∂tv + Iion(v, h)) ξB = N∇ · (
σi∗∇ui

)
, in [0, T ] × Ω, (1)

(∂tv + Iion(v, h)) ξB = −N∇ · (σe∗∇ue) , in [0, T ] × Ω, (2)
∂th + g(v, h) = 0, in [0, T ] × Ω, (3)

where ui and ue are the intracellular and extracellular potentials, v = ui − ue is
the transmembrane voltage, Iion is the transmembrane current that is a function
of v and h, a state variable, ξB is the local volume fraction of the healthy tissue,
N is the adimensionalisation parameter that depends on time and space scales
and physical properties of the cell as given in [15], and σi∗ and σe∗ are the
modified conductivity tensors.

Cell Problems. The effective intracellular and extracellular conductivity ten-
sors σ∗

i and σ∗
e are obtained by solving the set of so-called cell problems that are

defined on the unit cell space, Y = [0, 1] × [0, 1] × [0, 1]. The unit cell is in fact
the rescaled periodic cell of tissue, where one can identify the healthy tissue, YB ,
and the diffusive inclusion, YD, see Fig. 1. Note that Y represents a microscopic
piece of tissue (of size ε), and the tissue is considered to be locally periodic. On a
large scale the shape and size of the diffusive inclusions may vary, as illustrated
in the following study.

ε

Ω

∂Ω

Y

YD

YB

Γ

1

Fig. 1. Left: the idealised full domain, Ω. Right: the unit cell, Y .

On the unit cell we define the Y −periodic functions wj and wi
j , j = 1, 2, 3,

as solutions to the cell problems

∇ · (σi∇wi
j) = 0, in YB , σi(∇wi

j + ej) · n = 0, on Γ, (4)

∇ · (σ∇wj) = 0, in Y, (σe − σd)(∇wj + ej) · n = 0, on Γ, (5)

where σi and σe are the intracellular and extracellular conductivity tensors used
in the healthy tissue, i.e. in the standard bidomain model, and σd is the con-
ductivity assumed inside of the diffusive inclusion, n is an outer normal to the
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boundary Γ and ej , j = 1, 2, 3, are the unit vectors of the standard basis. The
conductivity tensor σ in (5) is defined as σ = σe, in YB , and σ = σd, in YD.

The periodic functions wi
j and wj are then used to define the effective con-

ductivity tensors as:

σi∗
kj =σi,kjξB

+
(

σi,k1

∫

YB

∂y1w
i
jdy + σi,k2

∫

YB

∂y2w
i
jdy + σi,k3

∫

YB

∂y3w
i
jdy

)
, (6)

σe∗
kj =

∫

Y

σkjdy +
(∫

Y

σk1∂y1wjdy +
∫

Y

σk2∂y2wjdy +
∫

Y

σk3∂y3wjdy

)
, (7)

for j, k = 1, 2, 3, and ξB = |YB |.
As one may notice, σi∗ and σe∗ depend not only on the volume fraction of

the diffusive inclusion, but on their shape as well.

Ionic Model for the Rat Heart. A reference ionic model that corresponds
to the action potential (AP) of the rat heart is given in [13]. In our simulations
we use the Mitchell Schaeffer (MS) model [9], fitted to the reference ionic model
for the rat heart,

Iion(v, h) =
1

τin
hv2(v − 1) +

1
τout

v, (8)

g(v, h) =

{
1

τopen
(1 − v), for v < vgate,

− 1
τclose

v, for v ≥ vgate,
(9)

where Iion, g, v and h have the same meaning as before, and τin, τout, τopen, τclose,
and vgate are the model parameters. The former four are normally given in units
of time and are related to the duration of AP phases: depolarisation, repolari-
sation, plateau phase and the total AP duration. The parameter vgate is related
to the threshold value of transmembrane voltage when the AP in cardiac cell is
triggered.

The original MS model is given so that the transmembrane voltage, v, is
non-dimensional and is scaled to [0, 1]. Here we went a step further and used
the approach given in [15] to work with a fully non-dimensional model, using
the time scale T = 10−3 s and the length scale L = 10−3 m. We have used
the algorithm given in [12], that enables us to automatically determine new
parameters of the MS model, given in Table 1. Note that in the non-dimensional
model the conductivities are also scaled with the parameter σ = 0.1 Sm−1, and
the non-dimensional values for the anisotropic tensors σi and σe are given in
Table 1.

The MS model is chosen for its mathematical simplicity and easy numerical
implementation. It has been shown that it is convenient as well for patient-
specific modeling in [16].
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Table 1. Non-dimensional bidomain model parameters of the rat heart, as in [15].

τin τout τopen τclose vgate σi,l σi,t σe,l σe,t N

0.073 8.369 25.743 15.438 0.02 1.741 0.1934 3.906 1.97 0.0125

2.2 Computing Effective Conductivities

To compute the effective conductivities σi∗ and σe∗, first we have to solve the
Eqs. (4)–(5) on the unit cell Y . Hence, we need values for the conductivities
σi, σe and σd. The values for the anisotropic tensors σi and σe corresponding to
the non-dimensional model are given in Table 1. We assume that the fibers are
aligned with the x-axis, so σi and σe are diagonal matrices. In that sense, we
have σi,11 = σi,l and σi,22 = σi,33 = σi,t, with non-diagonal terms being equal
to zero. Similarly, σe,11 = σe,l and σe,22 = σe,33 = σe,t, with non-diagonal terms
being equal to zero.

The conductivity tensor σd is scaled with the same parameter σ = 0.1 Sm−1.
We chose to test isotropic values σd = 0.2, 1.5 and 3.0, where the former one
corresponds to the conductivity of fatty tissue and the latter to isotropic extra-
cellular space. Several shapes of the diffusive inclusions have been tested, as
shown in the Fig. 2.

Fig. 2. Test cases for the unit cells in 3D. The shapes of the inclusions are: sticks
aligned with fiber direction (here x-axis), plates parallel to fibers, plates perpendicular
to fibers, and nearly cubic superellipsoids. For each case we used superellipsoids, with
different semi-axes.
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Fig. 3. Effective conductivities and anisotropy ratios for inclusions in the shape of
cubes (see Fig. 2 at the bottom right), ranging in volume fraction from 0 to 98%, with
fibers aligned with the x-axis.

The cell problems were solved using the finite element approach and
FreeFem++1. To illustrate results we plot the conductivity tensors and the
anisotropy ratios for one case (see Fig. 3). In this case we obtain diagonal con-
ductivity tensors with σi∗

22 = σi∗
33 and σe∗

22 = σe∗
33. We observe changes in the

anisotropy ratios for both intra and extra-cellular conductivities. It is consistent
with [6] where the shape of diffusive inclusions induces significant changes in
anisotropy ratios.

Additionally to that, the main direction of propagation might be changed as
well. This implies that in certain situations, depending on the tissue structure,
one needs to know more than just the fiber direction to recover the correct
wavefront of depolarization.

3 Application to a Slab of Rat Heart

3.1 Data on the Rat Heart

HR-MRI. Data were provided by the IHU-Liryc, Bordeaux. The MR Imag-
ing has been performed on the heart of a male Wistar rat. After the proper
preparation of the heart, the heart was perfused with MRI contrast agent and
fixative, and then stored in contrast/fixative solution until imaging. The heart
was imaged using a T1 weighted FLASH (Fast Low Angle SHot) MRI sequence
in a Bruker (Ettlingen, Germany) 9.4 T spectroscope with 20 averages and echo
time (TE) = 7.9 ms, repetition time (TR) = 50 ms, and flip angle 40◦, at a res-
olution of 50 × 50 × 50µm, a matrix size of 256 × 256 × 512 for a field of view of
12.8 × 12.8 × 25.6 mm. For further details see [8].
1 http://www.freefem.org/.

http://www.freefem.org/
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DT-MRI Fiber Directions. The fiber structure in the cardiac tissue leads
to anisotropy in the bidomain model. For the simulation of both bidomain and
modified model it is important to assess the fiber orientation in the tissue. The
diffusion tensor (DT) MRI technique is used for this purpose. The data from
DT-MRI are given on an image that is four times coarser than the original HR-
MRI data, i.e. 64 × 64 × 128 for the same view field. This results in a spacing
between voxels that is four times larger, i.e. 0.2 × 0.2 × 0.2 mm.

3.2 Image Processing

Segmentation. The semi-manual segmentation of the images has been per-
formed with the software Seg3D2. The median filter and thresholding on the
gray scale were used to define roughly the boundaries of cardiac tissue. Follow-
ing thresholding, bad pixels have been fixed manually, layer by layer. Cropping
tools have been used to define the computational domain, i.e. a part of the left-
ventricular wall. This is done solely for performance reasons, in order to reduce
the computing cost of the simulations.

Diffusive Inclusion Detection and Local Volume Fraction. Using the
software Seg3D we were able to define the diffusive inclusions in the computa-
tional domain. For this we used only a threshold on gray scale, without additional
processing, see Fig. 4. The mask of computational domain with flagged subdo-
main of diffusive inclusions has been exported in .mat file, and Matlab was used
for the computation of the local volume fraction of the inclusions. Around each
voxel, X, we define a 5 × 5× 5 window, and count the number n of voxels inside
of this window that belong to the diffusive inclusions, n ∈ [0, 125]. The local
volume fraction of voxel X is then given as ξD(X) = n

125 .

Mesh Generation. For the mesh generation we used the software SCIRun3,
which integrates the call function to tetgen. We have set a minimum radius-edge
ratio and imposed a maximum volume constraint on tetrahedra. The result is a
fine mesh, that has 351706 nodes and 1924747 tetrahedra, see Fig. 4.

Mapping Data on the Mesh. To be able to use the imaging data in our
simulations we have to map them on the mesh nodes. For this purpose, we use
the software SCIRun. Both, local volume fraction ξD and the fiber orientations
were mapped on nodes of the mesh.

3.3 Simulations

Settings. Here we set the parameters for the bidomain and modified model
(1)–(3). The computational mesh and ξB = 1− ξD are set. The non-dimensional
2 http://www.sci.utah.edu/cibc-software/seg3d.html.
3 http://www.sci.utah.edu/cibc-software/scirun.html.

http://www.sci.utah.edu/cibc-software/seg3d.html
http://www.sci.utah.edu/cibc-software/scirun.html
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Fig. 4. Up left: segmentation from the HR-MRI data and diffusive inclusions detection.
Bottom: fine mesh of the selected domain. Up right: details of the mesh.

parameter N is set to 0.0125, as in the Table 1. The effective conductivity tensors,
σ∗

i and σ∗
e , have been computed for several test cases, as in Fig. 2, with the fiber

direction assumed to be aligned with the x-axis and for the range of diffusive
inclusions volume fractions ξD ∈ (0, 1). Now, for each node in the mesh we assign
one of these values depending on the corresponding local value of ξD, obtained
from the image processing. Finally, we recompute the effective conductivities for
each node based on the fiber direction, obtained from DT-MRI images.

We use linear finite elements as implemented in FreeFem++ to solve the
bidomain and modified model (1)–(3). For the time discretization we use the
semi-explicit SBDF2 numerical scheme, as proposed in [7], with the time step
dt = 0.05 ms. The resulting linear system was solved using the conjugate gradient
method, to avoid excessive memory usage.

Results. We run simulations for several test cases as given in Table 2. The
reference case consists in solving the standard bidomain model without any
diffusive inclusions. In the table we report the total depolarization duration of
the computational domain, TD, calculated as the first time t > 0 for which all
nodes have a value v > vgate. From this one we conclude that the velocity is
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Table 2. Various test cases and total depolarization time, TD.

Ref Volume fraction from HR-MRI Artificial scars

Shapes − Sticks (‖) Plates (‖) Plates (⊥) Cubes Cubes

σd [Sm−1] − 0.02 0.3 0.02 0.3 0.02 0.3 0.02 0.15 0.3 0.02 0.3

TD [ms] 32.66 33.02 31.75 32.26 30.99 44.89 44.07 34.31 32.49 33.3 34.91 34

Fig. 5. Depolarization isochrones. From left to right, reference case and parallel plates,
σd = 0.02 Sm−1. Time between consecutive isochrones is 2.5 ms.

Fig. 6. Depolarization isochrones. From left to right: reference case, parallel plates and
perpendicular plates, σd = 0.02 Sm−1. Time between consecutive isochrones is 2 ms.

affected by 5 – 7% in most of the cases, and 35% and 37% in the case of plates
perpendicular to the fiber direction.

On Fig. 5 we plot the isochrones of depolarization on the boundary of the
computational domain. We compare the reference case to the case of inclusions
with the shapes of plates parallel to the fiber directions. We can observe a change
in the shape of the wavefront. The same isochrones plotted on a cut through the
domain are shown in Fig. 6, where contours are separated by 2 ms. As can be
seen the shape of the wavefront far from the boundary is more affected by the
diffusive inclusions than on the boundary of the domain.
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4 Conclusions and Discussion

In some pathological cases the microscopic structure of the cardiac tissue is
affected and there is an increase in collagen, fatty or fibrous tissue. These micro-
scopic changes affect the propagation of electrical signals through the heart walls.
In models, these changes are usually accounted for through the tuning of model
parameters in an ad hoc way.

We have presented a modified bidomain model that has been derived in a
rigorous way from the microscopic model of heterogeneous tissue. The modelling
assumption is that the fibrous infiltrations are electrically passive, and are orga-
nized in a locally periodic way. Then, using the homogenisation technique the
modified bidomain model has been derived, where the diffusive inclusions give
rise to modified conductivity tensors in the bidomain model. We obtain a direct
relation between the modified conductivity tensors and the local size and shape
of the diffusive inclusions.

Further, we described a framework to obtain image based distribution of the
parameters for the modified bidomain model. We worked on high resolution MRI
of the rat heart. Using thresholding we detected the diffusive inclusions in the
images and determined their local volume fractions. We used several test cases
for the shapes of the inclusions, and computed the modified conductivity tensors
for each test case, based on the local volume fractions of the diffusive inclusions.
Finally, we ran simulations for all test cases and compared the results to the
reference case, without diffusive inclusions.

The results are interesting as we could observe changes in the velocity of
propagation, from 5% in some test cases to 37% in others. The largest impact
on the velocity and shape of the depolarization wavefront occurred for diffusive
inclusions perpendicular to the fiber directions. This is in agreement with previ-
ous 2D test cases in [6], where it has been observed that the principal direction of
propagation might change depending on the shape and the large volume fraction
of diffusive inclusions.

Since we do not have an a priori knowledge on the actual shapes of the
diffusive inclusions, we have tested several simple geometries. To our knowledge,
there has not been any studies performed that would give us a more precise idea
on the shape of passive inclusions in the cardiac tissue.

In this paper we aimed to demonstrate the possibility to rigorously determine
model parameters form HR-MRI of the rat heart with a pathological heteroge-
neous structure. It has a great deal of possible applications to fibrotic disease,
ischemic heart disease, infarct scars etc.
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Abstract. Non-invasive prediction of optimal targets for efficient radio-
frequency ablation is a major challenge in the treatment of ventricular
tachycardia. Most of the related modelling work relies on magnetic reso-
nance imaging of the heart for patient-specific personalized electrophys-
iology simulations.

In this study, we used high-resolution computed tomography images
to personalize an Eikonal model of cardiac electrophysiology in seven
patients, addressed to us for catheter ablation in the context of post-
infarction arrhythmia. We took advantage of the detailed geometry
offered by such images, which are also more easily available in clinical
practice, to estimate a conduction speed parameter based on myocardial
wall thickness. We used this model to simulate a propagation directly on
voxel data, in similar conditions to the ones invasively observed during
the ablation procedure.

We then compared the results of our simulations to dense activation
maps that recorded ventricular tachycardias during the procedures. We
showed as a proof of concept that realistic re-entrant pathways responsi-
ble for ventricular tachycardia can be reproduced using our framework,
directly from imaging data.

Keywords: Electrophysiological modelling · Heart imaging ·
Ventricular tachycardia · Catheter ablation

1 Introduction

Sudden cardiac death (SCD) due to ventricular arrhythmia is responsible for
hundreds of thousands of deaths each year [1]. A high proportion of these
arrhythmias are related to ischemic cardiomyopathy, which promotes both ven-
tricular fibrillation and ventricular tachycardia (VT). The cornerstone of SCD
prevention in an individual at risk is the use of an implantable cardioverter
defibrillator (ICD). ICDs reduce mortality, but recurrent VT in recipients are a
source of important morbidity. VT causes syncope, heart failure, painful shocks
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 271–279, 2017.
DOI: 10.1007/978-3-319-59448-4 26
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Fig. 1. Overall pipeline of the approach. Ridge and circuit detection are not presented
in this article.

and repetitive ICD interventions reducing device lifespan. In a small number of
cases called arrhythmic storms, the arrhythmia burden is such that the ICD can
be insufficient to avoid arrhythmic death.

In this context, radio-frequency ablation aiming at eliminating re-entry cir-
cuits responsible for VT has emerged as an interesting option. VT ablation has
already demonstrated its benefits [2] but still lacks clinical consensus on optimal
ablation strategy [3]. Two classical strategies have been developped by electro-
physiologists. The first strategy focuses on mapping the arrhythmia circuit by
inducing VT before ablating the critical isthmus. The second strategy focuses
on the substrate, eliminating all abnormal potentials that may contain such
isthmuses.

Both strategies are very time-consuming, with long mapping and ablation
phases respectively, and procedures are therefore often incomplete in patients
with poor general condition. Many authors have thus shown an interest in
developing methods coupling non-invasive exploration and modelling to predict
both VT risk and optimal ablation targets [4–8]. Most of the published work in
this area relies on cardiac magnetic resonance imaging (CMR), at the moment
considered as the gold standard to assess myocardial scar, in particular using
late gadolinium enhancement sequences. However, despite being the reference
method to detect fibrosis infiltration in healthy tissue, CMR methods clinically
available still lack spatial resolution under 2 mm to accurately assess scar hetero-
geneity in chronic healed myocardial infarction, because the latter is associated
with severe wall thinning (down to 1 mm). Moreover, most patients recruited for
VT ablation cannot undergo CMR due to an already implanted ICD.

In contrast, recent advances in cardiac computed tomography (CT) technol-
ogy now enable the assessment of cardiac anatomy with extremely high spatial
resolution. We hypothesized that such resolution could be of value in assess-
ing the heterogeneity of myocardial thickness in chronic healed infarcts. Based
on our clinical practice, we indeed believe that detecting VT isthmuses relies
on detecting thin residual layers of muscle cells-rich tissue inside infarct scars
that CMR fails to identify due to partial volume effect. CT image acquisistion
is less operator-dependent than CMR, making it a first class imaging modality
for automated and reproductible processing pipelines. CT presents fewer con-
traindication than CMR (it is notably feasible in patients with ICD), it costs
less, and its availability is superior.

The aim of this study was to assess the relationship between wall thickness
heterogeneity, as assessed by CT, and ventricular tachycardia mechanisms in
chronic myocardial infarction, using a computational approach (see the overall
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pipeline in Fig. 1). This manuscript presents the first steps of this pipeline, in
order to evaluate the relationship between simulations based on wall thickness
and electro-anatomical mapping data.

2 Image Acquisition and Processing

2.1 Population

The data we used come from 7 patients (age 58 ± 7 years, 1 woman) referred
for catheter ablation therapy in the context of post-infarction ventricular tachy-
cardia. The protocol of this study was approved by the local research ethics
committee.

2.2 Acquisition

All the patients underwent contrast-enhanced ECG-gated cardiac multi-detector
CT (MDCT) using a 64-slice clinical scanner (SOMATOM Definition, Siemens
Medical Systems, Forchheim, Germany) between 1 to 3 days prior to the electro-
physiological study. This imaging study was performed as part of standard care
as there is an indication to undergo cardiac MDCT before electrophysiological
procedures to rule out intra cardiac thrombi. Coronary angiographic images were
acquired during the injection of a 120 ml bolus of iomeprol 400 mg/ml (Bracco,
Milan, Italy) at a rate of 4 ml/s. Radiation exposure was typically between 2 and
4 mSv. Images were acquired in supine position, with tube current modulation
set to end-diastole. The resulting voxels have a dimension of 0.4 × 0.4 × 1 mm3.

2.3 Segmentation

The left ventricular endocardium was automatically segmented using a region-
growing algorithm, the thresholds to discriminate between the blood pool and
the wall being optimized from a prior analysis of blood and wall densities. The

Fig. 2. (Left) original CT-scan image. (Right) wall mask (green). Note the thickness
heterogeneity (red box). (Color figure online)
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epicardium was segmented using a semi-automated tool based on the interpola-
tion of manually-drawn polygons.

All analyses were performed using the MUSIC software1 (IHU Liryc
Bordeaux, Inria Sophia Antipolis, France). An example of the result of such
segmentation can be seen in Fig. 2.

2.4 Wall Thickness Computation

In CT-scan images, only the healthy part of the myocardium is visible, hence wall
thinning is a good marker of scar localization and abnormal electro-physiological
parameters [9]. To accurately compute wall thickness, and to overcome difficul-
ties related to its definition on tri-dimensional images, we chose the Yezzi et al.
method [10]. It is based on solving the Laplace equation with Dirichlet boundary
conditions to determine the trajectories along which the thickness will be com-
puted. One advantage of such thickness definition is that it is then defined for
every voxel, which is later useful in our model (see Sect. 3.2). An example of the
results can be observed in Fig. 3 (left and middle), along with a comparison with
the much lower level of detail in scar morphology assessment that is obtained
with a voltage map from a sinus rhythm recording.

Fig. 3. (Left-Middle) wall thickness as defined in Sect. 2.4. (Right) voltage map
recorded during sinus rhythm.

3 Cardiac Electrophysiology Modelling

3.1 Eikonal Model

We chose the Eikonal model for simulating the wave front propagation because
of the following reasons:

– It requires very few parameters compared with biophysical models, making
it more suitable for patient-specific personalization in a clinical setting.

1 https://team.inria.fr/asclepios/software/music/.

https://team.inria.fr/asclepios/software/music/
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– Its output is an activation map directly comparable with the clinical data.
– It allows for very fast solving thanks to the fast marching algorithm.

We used the standard Eikonal formulation in this study:

v(X)||∇T (X)|| = 1 (1)

The sole parameter required besides the myocardial geometry is the wave front
propagation speed v(X) (see Sect. 3.2). More sophisticated biophysical models
allow for more precise results; however, this precision relies on an accurate esti-
mate of the parameters and the necessary data to such ends are not available in
clinical practice.

This original approach enabled us to parametrize directly the model on the
basis of the thickness computed from the images. Additionally, we generated a
unidirectional onset by creating an artificial conduction block. This block was
needed to represent the refractoriness of the previously activated tissue that
the Eikonal model does not include. An illustration of this phenomenon can be
observed in the green box in Fig. 4.

Fig. 4. (Left) Transfer function used to estimate wave front propagation speed from
wall thickness. (Right) example resulting speed map. Note the artificial refractory block
(dark straight line in green box). (Color figure online)

3.2 Wave Front Propagation Speed Estimation

As there is a link between myocardial wall thickness and its viability, it was
possible to parameterize our model from the previous wall thickness computation
(see Sect. 2.4). There are basically three different cases:

1. Healthy myocardium where the wave front propagation speed is normal.
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2. Dense fibrotic scar where the wave front propagation is extremely slow.
3. Gray zone area where it is somewhere in between.

Instead of arbitrarily choosing a specific speed for the “gray zone”, we
exploited the resolution offered by our images to come up with a smooth, contin-
uous estimate of the speed between healthy and scar myocardium. This resulted
in the following logistic transfer function:

v(X) =
vmax

1 + er(p−t(X))
(2)

where vmax is the maximum wave front propagation speed, t(X) the thickness
at voxel X, p the inflection point of the sigmoidal function, i.e., the thickness at
which we reach 1

2vmax and r a dimensionless parameter defining the steepness
of the transfer function.

More specifically, we chose the following parameters:

– vmax = 0.6 m/s, as it is the conduction speed of healthy myocardium,
– p = 3 mm, as it was considered the gray zone “center”,
– r = 2, in order to obtain virtually null speed in areas where thickness is below

2 mm.

The resulting transfer function can be visualized in Fig. 4.
The fiber orientations were not included in our simulations. They might be

in our final pipeline, but it is worth noting that we obtained satisfying results
without this parameter.

4 Electrophysiological Data

In order to evaluate the simulation results, we compared them to electro-
anatomical mapping data. As part of the clinical management of their arrhyth-
mia, all the patients underwent an electrophysiological procedure using a 3-
dimensional electro-anatomical mapping system (Rhythmia, Boston scientific,
USA) and a basket catheter (Orion, Boston scientific, USA) dedicated to high-
density mapping. During the procedure, ventricular tachycardia was induced
using a dedicated programmed stimulation protocol, and the arrhythmia could
be mapped at extremely high density (about 10 000 points per map). Patients
were then treated by catheter ablation targeting the critical isthmus of the
recorded tachycardia, as well as potential other targets identified either by pace
mapping or sinus rhythm substrate mapping. These maps were manually regis-
tered to the CT images.

5 Results

Examples results of the simulations and their comparisons to mapping data
are presented in Fig. 5 In each case, a qualitatively similar re-entry circuit is
predicted.

Similar visual results were reached for all the VTs, without any further tuning
of the model. However, to reach such results we needed to pick the stimulations
points and directions very carefully.
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Fig. 5. Comparison of predicted (left) activation maps (in ms) to “ground truth”
data (right) obtained from VT recording during RF catheter ablation in 4 different
patients. White arrows: starting point and direction of simulated electrical impulse.
Both recorded and simulated VT represent one cycle only. Animations of these acti-
vation maps are available online. (https://team.inria.fr/asclepios/vt-scan-fimh-2017/.)

6 Implementation

All the activation maps acquired during ventricular tachycardia (10 maps of
10 different circuits acquired in 7 patients) were exported to Matlab software
(Mathworks, USA).

The simulation was computed directly on the voxel data as the resolution of
our images represents highly detailed anatomy, and to avoid arbitrary choices
inherent to mesh construction. We then mapped the results to a mesh but for
visualization purposes only.

We used a custom Python package2 for the thickness computation and the
SimpleITK fast marching implementation to solve the Eikonal equation.

The artificial conduction block was created by setting the wave front prop-
agation speed to zero in a parametrically defined disk of 15 mm radius, 2 mm
behind the stimulation points, orthogonal to the desired stimulation direction.

From the results of the semi-automatic CT image segmentation, the complete
simulation pipeline, with an informal benchmark realized on a i7-5500U CPU at
2.40 GHz (using only 1 core), looks as follows:

2 https://pypi.python.org/pypi/pyezzi.

https://team.inria.fr/asclepios/vt-scan-fimh-2017/
https://pypi.python.org/pypi/pyezzi
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Compute thickness from masks [43s]
Apply transfer function [0.5s]
Select pacing site and create refractory block [7s]
Solve the Eikonal equation [0.5s]

7 Discussion

This article presents a framework that may be suitable for VT RF ablation tar-
gets and prediction of VT risk in daily clinical practice. The results presented
here are preliminary but promising, due to the robustness of the image process-
ing, the fast simulation of the model, and the high-resolution of CT scan images.
This resolution was crucial in the characterization of the VT isthmuses presented
in this study.

The main limitations of the results presented here are the limited sample size
and the lack of quantitative evaluation of the simulation results. It is however
worth noting that we were able to obtain such results without advanced calibra-
tion of the model’s parameters. For the latter, we plan to map the electrophys-
iological data onto the image-based meshes for more quantitative comparison.
However it remains challenging due to the shape differences. Heterogeneity in
CT images also induce a bias in thickness computation that may require patient-
specific personalization of the transfer function parameters.

We believe that in order to fully automatize the pipeline, we need not only
to determine a ridge detection strategy, but also to overcome some of the sim-
plifications induced by the Eikonal modelling choice and enhance the circuit
characterization.
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Abstract. Mapping of intracardiac electrical signals is a well-established clinical
method used to identify the foci of abnormal heart rhythms associated with
chronic myocardial infarct (a major cause of death). These foci reside in the
‘border zone’ (BZ) between healthy tissue and dense collagenous scar, and are
the targets of ablation therapy. In this work we analyzed detailed features of the
electrical signals recorded in a translational animal model of chronic infarct.
Specifically, activation maps and bipolar voltages were recorded in vivo from 6
pigs at ~5 weeks following infarct creation, as well as 6 control (normal) pigs.
Endocardial and epicardial maps were obtained during normal sinus rhythm and/
or pacing conditions via X-ray guided catheter-based mapping using an electro-
anatomical CARTO system. The depolarization and repolarization maps were
derived through manual annotation of electro-cardiogram waves, where the peak
of the QRS wave marked the time of depolarization and the peak of the T wave
marked the recovery time. Then, at each recording point, activation-recovery
intervals ARIs (clinical surrogates of action potential duration) were found by
subtracting activation times from repolarization times. Overall, we observed that
ARI values in the BZ have recovered from the acute stage and were close to values
in healthy tissue. In general we observed a weak negative correlation between the
activation times and ARI values, also not a significant variation (p < 0.5) between
mean ARI values in the BZ area and those in the healthy areas.

Keywords: CARTO electro-anatomical mapping · Bipolar voltages · Chronic
infarct · Fibrosis · Border zone · Activation-recovery intervals

1 Introduction

Abnormal propagation of the electrical impulse in patients with prior myocardial infarc‐
tion is a major cause of sudden cardiac death (SCD) in the industrialized world [1].
Structurally, a chronic infarct is comprised of a dense scar (collagenous fibrosis) and a
border zone, BZ (also known as the peri-infarct). The latter is a ‘heterogeneous’ tissue,
being comprised of a mixture of viable myocytes and collagen fibers [2]. Electrically,
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the scar is non-conductive, whereas the BZ has reduced tissue conductivity (i.e., the
action potential wave propagates slower than in the normal myocardium) [3]. These
structural and electrical heterogeneities can trigger lethal ventricular arrhythmias such
as ventricular tachycardia (VT), and ventricular fibrillation (VF) [4]. Thus, an important
clinical task is the evaluation of disease severity and localization of BZ (the substrate
of VT/VF) in patients with scar-related arrhythmia, along with the assessment of changes
in tissue structure and electrical properties during infarct healing.

In the clinical laboratory, non-invasive imaging methods and various (more or less
minimally) invasive electrophysiology (EP) tools have been intensively employed in
the past decade. To date, several groups have demonstrated that the VT foci reside in
the ‘border zone’ (BZ) between healthy tissue and collagenous scar, and can be struc‐
turally identified using MR imaging [5, 6]. Other studies have shown that infarct and
BZ regions identified in ex vivo and in vivo MR images correlated well the location of
these areas identified in electrical maps (by optical fluorescence imaging or unipolar/
bipolar voltage maps) [7–9]. These studies provided a better tissue characterization in
the dense scar and BZ, the latter being the target of a potential curative therapy known
as RF thermal ablation [10]. However, there is a lack of thorough characterization of
electrical signals in these critical tissue areas, and for this reason conventional unipolar/
bipolar EP mapping often fails to localize the BZ in the clinical EP lab [11]. Furthermore,
the action potential wave cannot be recorded directly in vivo via conventional EP cath‐
eters; thus, other methods are sought to identify such electrical characteristics of BZ.

The purpose of this work was to better understand the subtle characteristics of elec‐
trical signals in the peri-infarct, using a reproducible pre-clinical animal model of
chronic infarction that mimics the post-infarct pathophysiology in humans. Specifically,
here we focused on analyzing the features of intra-cardiac electrical signals in the BZ
area by studying the activation-recovery interval (ARI), a clinical surrogate of action
potential duration, APD [12]. We hypothesized that ARIs derived from locally-recorded
activation maps (i.e., depolarization and repolarization times) can help identify distinc‐
tive diagnostic features in the BZ.

2 Materials and Methods

All in vivo experiments included in this study received ethics approval by our research
institute. In this work, we performed X-ray guided electro-anatomical mapping studies
in a swine model. This particular animal model is advantageous to use in translational
frameworks, because the heart size and the infarct pathophysiology are close to those
of human heart. Specifically, we performed catheter-based EP mapping experiments in
6 normal and 6 chronically infarcted swine, followed by data analysis to characterize
ARIs in healthy tissue, dense scar and BZ.

2.1 Animal Model of Infarction

Myocardial infarction was created in juvenile swine (~30 kg) under X-ray guidance via a
balloon catheter (Fig. 1). This catheter (indicated by the white arrow) was inserted and
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inflated into a major coronary artery (e.g. either the left anterior descendant LAD or the
left circumflex artery, LCX), using a 90 min occlusion-reperfusion method. The lesions
were then allowed to heal for ~5 weeks as in our previous studies [13]. At this time point
post-infarction, edema had resorbed and the core of the chronic lesion is replaced by
mature collagen (evident in the Masson Trichrome stain), while the BZ was character‐
ized by a patchy fibrosis, with altered electrical properties as observed in Fig. 1 from the
decreased density in gap junctions, Cx43 (in agreement with [14]). The Cx43 protein is
responsible for the cell-to-cell electrical conduction through the flow of ionic current
[15]; its inhibition results in a slower conduction of the electrical impulse and triggers VT.

Fig. 1. X-ray guided infarct creation in a swine model (red arrow indicates the cessation of flow
during the 90 min occlusion of LAD), along with histological images demonstrating deposition
of dense fibrosis in the scar, a mixture of viable and collagen in BZ, and a decreased density in
gap junctions (Cx43) in BZ. (Color figure online)

2.2 In Vivo Electro-Anatomical Mapping Study and ARI Analysis

Intra-cardiac waves, along with unipolar and bipolar voltage maps, were recorded by a
catheter-based invasive method using a contact electro-anatomical mapping system (i.e.,
CARTO-XP, Biosense, USA). Some maps were recorded from the left ventricle (LV)
endocardium and others from the epicardium, and some from both the LV-endo and
epicardium. The electrical signals were acquired under sinus rhythm or pacing condi‐
tions (via a secondary catheter inserted at the apex of right ventricle, RV) from normal
and infarcted pigs. During acquisition, cut-off filters were applied to measure only the
signals within 30–400 Hz.

Figure 2 shows typical surfacic voltage maps recorded via a QuickStar catheter (2a)
from the endocardial LV of an infarcted swine (2b) and a normal swine (2c), along with
examples of intracardiac ecg-s waves from healthy tissue (pink), dense scar (red) and
BZ (blue/green). These categories were defined based on clinical accepted thresholds:
healthy tissue >1.5 mV; dense scar <0.5 mV; and, 0.5 mV < BZ < 1.5 mV [16].
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Fig. 2. Example of catheter-based electrical recordings from infarcted and normal pigs. (Color
figure online)

For analysis, the activation-recovery intervals (ARIs) were determined for all intra-
cardiac unipolar waves using the Wyatt method using the QRS and T waves [12]. Briefly,
for each intra-cardiac wave, a local repolarization time (LRT) was found for biphasic
and negative deflections using dV/dtmax (maximum rate of rise of voltage), whereas for
positive deflections we used dV/dtmin on the descending limb of the T-wave. Finally,
ARI was calculated as the difference between LRT and LAT (Fig. 3), as per the method
proposed in [17]. All calculations and annotations were manually performed off-line
using the CARTO analysis software.

Fig. 3. Relation between (a) APD vs (b) ARI; and (c) an annotated sample of intracardiac ecg
signal from a healthy myocardial tissue.

3 Results

Figure 4 shows an example of endocardial activation maps from the LV of a normal pig
during normal sinus rhythm, NSR. Note that the earliest time point is in red and the latest
activation time is depicted in purple. The propagation of depolarization wave starts in
the anterior mid-septum and ends close to the mitral valve (see depolarization map in
Fig. 4a). The repolarization follows a similar sequence (see repolarization map in
Fig. 4b). The ARI map shows an opposite sequence, with shortest values near mitral
valve, and longest near the septum (as clearly depicted in Fig. 4c).
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Fig. 4. Endocardial activation times reconstructed from CARTO recordings in the LV of a normal
pig: (a) depolarization map (LAT); (b) repolarization (LRT) map; and (c) ARI map.

Figure 5 shows an example of endocardial LV maps from an infarcted heart, obtained
under paced conditions (i.e., pacing catheter placed at the apex of RV). The earliest
activation in the depolarization (LAT) map at site of the action potential wave break-
through the septum, is in red. Notable here is a dispersion of repolarization near the
dense scar region as evident in the associated LRT map. In this case, the repolarization
sequence is opposite to the activation sequence (as compared to the normal case
described in Fig. 4). The spatial pattern of the ARI closely follows the LRT pattern.

Fig. 5. Endocardial activation times reconstructed from CARTO recordings in the LV of an
infarcted pig (note: the LAT map was recorded during pacing from RV): (a) depolarization map;
(b) repolarization map; and (c) ARI map.

Figure 6 shows quantitative results of ARI calculations as a function of depolariza‐
tion time recorded in LV. Notable is the clear separation of NSR data vs paced data,
where the pacing cycle length (CL) was 400 ms in the LV of a normal heart (Fig. 6a).
In contrast, we observed a significant overlap of the data points in the infarcted hearts
in both healthy tissue areas (Fig. 6b) and BZ area (Fig. 6c), where the pacing CL
was ~550–600 ms.
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Fig. 6. Plots of ARI as a function of depolarization times (see text for details)

The number of recording points in the CARTO maps varied between 65 to ~200
points (with the less dense maps corresponding to the normal hearts).

Figure 7 shows a comparison between the mean ARI recorded in NSR from the LV-
endo vs. epicardium of normal pigs and infarcted pigs (both areas: healthy and BZ). In
the infarcted pigs, we obtained significant differences between the mean ARI in LV-
endo and in epicardium, in the recordings from both healthy (remote) tissue (p = 0.020)
and BZ (p = 0.024) tissue. Lastly, the differences in mean ARI between LV-endo and
epicardium of normal pigs was found not significant (p = 0.055). Statistically significant
differences were defined by p values <0.05 and were calculated using [18].

Fig. 7. Comparison between mean ARI in LV-endo vs. mean ARI in epicardium from different
zones in normal and infarcted pigs (note: all recordings in NSR). At least 3 datasets were included
in each category for averaging and statistical analysis. The error bars represent standard deviation
(SD) (* p < 0.05).

4 Discussion

Accurate structural and electrical characterization of myocardial tissue in post-infarction
remodelling is an important task in order to identify potential arrhythmogenic foci.
Previous electrophysiology studies carried out in preclinical porcine models demon‐
strated that the amplitude of unipolar/bipolar waves can help detect the infarct location
in electro-anatomical maps [19, 20]; however, these studies lacked the analysis of
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intracardiac ecgs in the BZ. To the best of our knowledge, this study is the first to analyze
in detail the ARIs (as an APD surrogate) in a pre-clinical model of chronic infarction.

Our mean ARIs and activation time ranges obtained in the normal porcine hearts
(controls) agreed well with the only other existing study in normal pigs [17]. We also
observed that mean ARI values in the BZ have recovered from the acute stage of infarc‐
tion and were somewhat close to ARI values in normal tissue. This can be somewhat
explained by a recovery of APD in the BZ about one month following infarction, as
previously suggested by other studies [3]. Interestingly however, although the mean ARI
values averaged over all pigs were not significant (p < 0.5), the ARI values were different
between BZ and healthy areas per each animal (up to ~40 ms). This result suggests that,
to ensure accurate predictions, the parameterization of computer models from ARI maps
(an important step in our future work) should be performed on an individual heart basis
rather than using mean values or literature values.

The negative correlation between ARI vs activation time, suggests coupling between
both variables, which leads to a more simultaneous repolarization process. The AP wave
exhibited a time delay between LV and RV propagation, and from endocardium to
epicardium breakthrough. The effects of pacing followed the typical APD restitution
curve, with an ARI shortening in response to faster pacing (although we acknowledge
that the pacing was performed only at CLs of 400 ms, 550 ms and 600 ms). Shorter
pacing CL (Fig. 7a) resulted in lower ARI while pacing at a CL similar to NSR CL had
little effect (Fig. 7b, c). Another limitation of this study is the relatively small sample
size included in each statistical analysis (i.e., the number of datasets included in each
category: pacing vs. NSR, LV vs. epicardial mapping, etc.).

5 Conclusion

To sum up, we successfully developed a preclinical framework to analyze the features
of electrical signals in an animal model of chronic infarction. We acknowledge that the
current data was limited to intracardiac ecg recordings in either sinus rhythm, or at one
pacing frequency, or both sinus and (per animal). Thus, our next steps will focus on
performing more controlled pre-clinical experiments, with a particular focus on
obtaining more pacing frequencies data in the same subject (e.g. 4–5 pacing frequencies
besides the sinus rhythm), to enable a thorough analysis of the ARI characteristics during
pacing. This will also allow us to perform a parameter fitting for restitution curves.
Furthermore, we will focus on personalizing 3D MRI-based computer models per indi‐
vidual heart from in vivo electrical maps, enabling more accurate predictions of cardiac
wave propagation and simulation of scar-related arrhythmia.
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Abstract. The electrocardiographic imaging (ECGI) inverse problem is highly
ill-posed and regularization is needed to stabilize the problem and to provide a
unique solution. When Tikhonov regularization is used, choosing the regulariza‐
tion parameter is a challenging problem. Mathematically, a suitable value for this
parameter needs to fulfill the Discrete Picard Condition (DPC). In this study, we
propose two new methods to choose the regularization parameter for ECGI with
the Tikhonov method: (i) a new automatic technique based on the DPC, which
we named ADPC, and (ii) the U-curve method, introduced in other fields for cases
where the well-known L-curve method fails or provides an over-regularized solu‐
tion, and not tested yet in ECGI. We calculated the Tikhonov solution with the
ADPC and U-curve parameters for in-silico data, and we compared them with the
solution obtained with other automatic regularization choice methods widely used
for the ECGI problem (CRESO and L-curve). ADPC provided a better correlation
coefficient of the potentials in time and of the activation time (AT) maps, while
less error was present in most of the cases compared to the other methods.
Furthermore, we found that for in-silico spiral wave data, the L-curve method
over-regularized the solution and the AT maps could not be solved for some of
these cases. U-curve and ADPC provided the best solutions in these last cases.

Keywords: Inverse problem · Regularization · Electrocardiographic imaging ·
Potentials · Tikhonov regularization · Ill-posed problems

1 Introduction

During the past decades, much progress has been made in solving the inverse problem
of electrocardiography [1–7]. However, despite all the success of non-invasive electro‐
cardiographic imaging (ECGI), the understanding and treatment of many cardiac
diseases is not feasible yet without an improvement of the inverse problem solution [8].

© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 289–300, 2017.
DOI: 10.1007/978-3-319-59448-4_28

http://orcid.org/0000-0002-5722-0499
http://orcid.org/0000-0003-4166-2687
http://orcid.org/0000-0003-2687-3232


Solution of the ‘inverse problem’ depends on the ‘forward problem’, i.e. on specification
of the relationship between potential sources on the cardiac surface, ΦE, and the body
surface measured potentials, ΦT.

The inverse problem (finding Φ = ΦE at epicardial surface 𝛤E) is innately ill-posed.
That means that is extremely sensible to: (i) noise on the measured potentials, (ii) uncer‐
tainty in the location of measurement sites with respect to the surface on which the
sources are distributed, (iii) errors of segmentation of the geometries, and (iv) influence
of cardiac motion.

Regularization incorporates additional knowledge in the inverse problem by
applying constraints to the solution, to stabilize the problem yielding realistic and unique
results. When regularization is applied, the weight of the constraints (regularization
parameter) has to be determined to find a balance between solutions purely based on the
body-surface potentials and solutions that are constrained too strictly. While the former
may be severely distorted by ill-posedness, the latter may have too much bias. Given
the ill-posedness, the regularization parameter choice has an important influence on the
solution [8].

In this study we focused on the two-norm Tikhonov regularization technique for the
method of fundamental solution (MFS), an homogeneous meshless method adapted to
ECGI by Wang and Rudy [9, 10]. Specifically, we will focus on the choice of the regu‐
larization parameter. In many implementations, the Tikhonov regularization problem is
solved by manually selecting the regularization parameter 𝛼. This is done using a
sequence of regularization parameters and selecting the value that gives the best results,
as judged by the user. Obviously, the procedure is subjective and time consuming. To
overcome this problem, several automatic methods for selecting regularization param‐
eters have been suggested over the years. These include: (i) Strategies based on the
calculation of the variance of the solution, which requires prior knowledge of the noise,
(ii) Strategies that do not need apriori information. For ECGI, we are interested in the
latter.

Regarding the second group (ii) of automatic methods previously used in the MFS
ECGI literature [9, 10], the regularization parameter is obtained by using the mean of
the regularization parameters provided by the Composite Residual and Smoothing
Operator (CRESO) technique [10]. The CRESO method has been found to perform
comparably to the “optimal” regularization parameter that provides the minimum root-
mean-square error (RMSE) between the computed epicardial potentials (ΦE) and the
measured ones [10]. When other numerical methods, such as the Boundary Element
method (BEM), were used to solve the ECGI problem, the L-curve criterion has been
highly used by the community to find the regularization parameter [8, 11].

While the efficacy of the CRESO and L-curve methods has been proven in the wide
inverse problems literature [8–16], finding an automatic regularization parameter for
Tikhonov regularization that is suitable for all ill-posed inverse problems is a challenging
problem [12, 15] and CRESO and L-curve may over-regularize the solution or fail for
some cases. This is especially important when we deal with medical problems such as
cardiac pathologies, where different pathologies may need different regularization.

For this reason, the overarching goal of this paper is to show the feasibility of the U-
curve method [17, 18], not used yet in cardiac inverse problems, to our knowledge; and to
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develop a new automatic method, ADPC, based on the Discrete Picard Condition (DPC),
a mathematical condition that any suitable regularization parameter for Tikhonov regula‐
rization must fulfill [12].

2 Methods

2.1 Method of Fundamental Solutions and Tikhonov Regularization

MFS is a homogeneous meshless approach that was adapted to ECGI to overcome some
of the issues of the classical meshes-based methods [9, 10]. MFS does not need the
topological relations between nodes and so completely avoids disadvantages of accuracy
degradation and complexity augmentation frequently encountered in classical numerical
methods because of remeshing. Thus it avoids, negative effects introduced by errors in
the segmentation process and/or singularities in the boundaries.

In the MFS, the potentials are expressed as a linear combination of Laplace funda‐
mental solution over a discrete set of virtual source points (Dirac masses) placed outside
of the domain of interest, Ω, where Ω is the volume conductor enclosed by the epicardial
surface 𝛤E and the body surface, 𝛤T. Specifically the potential Φ for x ∈ Ω is sought as

Φ(x) = a0 +
∑NS

j=1
f
(
x − yj

)
aj, (1)

where the 
(
yj

)
j=1…NS

 are the NS locations of the sources 
(
yj ∉ Ω

)
, and the 

(
aj

)
j=1…NS

 are
their coefficients. Here, f  stands for the fundamental solution to the Laplace equation,

f (r) =
1

4𝜋
1
|r| where r is the 3D Euclidean distance between point x and virtual source

y. After discretization on collocation points on 𝛤T, and fixed number NS of source loca‐
tions [9], this formulation yields a linear system of equations with matrix system M:

M =

⎛
⎜
⎜
⎜
⎜
⎜
⎜⎝

1 f
(
r11

)
⋯ f

(
r1NS

)

⋮ ⋱ ⋮

1 f
(
rNT 1

)
⋯ f

(
rNT NS

)

0 𝜕n1
f
(
r11

)
⋯ 𝜕n1

f
(
r1NS

)

⋮ ⋱ ⋮

0 𝜕nNT

f
(
rNT 1

)
⋯ 𝜕nNT

f
(
rNT NS

)

⎞
⎟
⎟
⎟
⎟
⎟
⎟⎠

,

where rij = xi − yj, xi ∈ 𝛤T and 
(
yj

)
j=1…NS

, yj ∉ Ω. Hence, homogeneous Neumann
conditions (no flux conditions, 𝜕nΦ = 0) and Dirichlet conditions (Φ = ΦT, where ΦT

are the potentials acquired on the torso) on 𝛤T are considered in an apparently equivalent
manner in the standard MFS described in [9]. Therefore, only the sources coefficients
are unknown, resulting in a quadratic minimizing problem (Tikhonov regularization
problem), find the sources coefficients a =

(
a0, a1,… , aNS

)T
𝜖ℝ1+Ns that minimize

J(a, 𝛼) = ||Ma − b||2 + 𝛼||a||2 (2)

Improving the Spatial Solution of Electrocardiographic Imaging 291



Where b =

(
Φ∗

T

0

)
 is a 2NTx1 vector, given some potentials Φ∗

T
=
(
Φ∗

i

)
i=1,⋯,NT

recorded on NT torso electrodes, and 𝛼 > 0 is the Tikhonov regularization parameter.
Note that the first term ||Ma − b||2 measures the goodness-of-fit, i.e., how well the
unknown sources coefficients a predicts the given boundary conditions at body surface.
The second term ||a||2 measures the regularity of the sources coefficients a. It suppresses
(most of) its large noise components by controlling its norm (since the naïve solution is
dominated by high-frequency components with large amplitudes). The balance between
both terms is controlled by the regularization parameter, 𝛼.

Once solved (2) and found the source coefficients a =
(
a0, a1 … , aNS

)T
𝜖ℝ1+Ns, the

ΦE are found by using (1) for x ∈ 𝛤E and 
(
yj

)
i=1..NS

, yj ∉ Ω.

2.2 Discrete Picard Condition

Instead of the condition number of the matrix of a linear system, the rate of decrease of
the singular values (SVs) is a better indication of the conditioning of the problem [12,
13]. Furthermore, the Discrete Picard Condition (DPC) [12] provides an objective
assessment of the ill-posedness of the entire problem relating the matrix information (by
means of the SVs) with the measurements [12].

The Tikhonov solution can be obtained by equalling the gradient of (2) to zero:

∇Ja(a, 𝛼) = ∇
(
(Ma − b)T (Ma − b) + 𝛼IaTa

)
=
(
MTM

)
a − MTb + 𝛼2Ia = 0, and a𝛼 =

(
MTM + 𝛼2I

)−1
MTb.

Then, by decomposing the forward matrix of the MFS in terms of SV decomposition
(M = USVT) and writing I = VVT,

a𝛼 =
∑min(2∗NT ,NS+1)

i=1

𝜎i

𝜎2
i
+ 𝛼2

uT

i
bvi =

∑min(2∗NT ,NS+1)
i=1

𝜎2
i

𝜎2
i
+ 𝛼2

uT
i
b

𝜎i

vi (3)

where 𝜎i are the SVs in descending order, 𝜎1 ≥ ⋯ ≥ 𝜎min(2∗NT ,NS+1) (the elements of the
diagonal matrix S).

The DPC is satisfied if the data space coefficients ||uT
i
b||, on average, decay to zero

faster than the respective 𝜎i’s. The representation of ||uT
i
b||, 𝜎i, and the respective quotient

in a same plot in logarithmic scale is known as a Picard plot.
In ill-posed problems, such as ECGI, there may be a point where the data become

dominated by errors and the DPC fails. In other words, for larger values of the index i

the solution coefficients 
||uT

i
b||

𝜎i

 start to increase and the computed solutions (3) are

completely dominated by the SVD coefficients corresponding to the smallest SVs. In
these cases, to compute a satisfactory solution by means of Tikhonov regularization, the
DPC has to be fulfilled [12, 18]. That is, the 𝜎i above the regularization parameter 𝛼
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(useful SVs) must decay to zero slower than the corresponding right hand side coeffi‐
cients, ||uT

i
b||. The DPC determines how well the regularized solution approximates the

unknown, exact solution.

2.3 Existent Regularization Parameter Choice Techniques

Composite Residual and Smoothing Operator (CRESO)
CRESO was developed by Colli-Franzone et al. [14]. The method was presented as an
empirical heuristic but has become widely accepted as the preferred method of parameter
estimation in a large class of ill-posed bioelectric inverse problems [15]. The CRESO
method chooses that parameter value which generates the first local maximum of the
difference between the derivative of the constraint term and the derivative of the residual
term

C(𝛼) =

{
d

d(𝛼2)

(
𝛼

2||x(𝛼)||2
)
−

d

d(𝛼2)
||Mx(𝛼) − b||2, 𝛼 > 0

}
(4)

L-curve
The best-known method for estimating a value for the regularization parameter is defined
in terms of the L-curve [15, 16]

L(𝛼) = {(||Mx(𝛼) − b||, ||x(𝛼)||), 𝛼 > 0} (5)

To choose the L-curve regularization parameter we used the criterion proposed by
Hansen and O’Leary [16], where the optimal 𝛼-value corresponds to the point on the
log-log plot of the L-curve possessing maximum curvature.

U-curve
The U-curve method was proposed by Krawczyck-Stando and Rudnicki [17]. The U-curve
is the plot of the sum of the inverse of the regularized solution norm ||x(𝛼)|| and the corre‐
sponding residual error norm ||Mx(𝛼) − b||, for 𝛼 > 0 on a log-log scale

U(𝛼) =
1

||Mx(𝛼) − b||2 +
1

||x(𝛼)||2 (6)

The U-curve is a U-shaped function, where the sides of the curve correspond to
regularization parameters for which either the solution norm or the residual norm domi‐
nates. The optimum regularization value is the value for which the U-curve has a
minimum. U-curve is computationally efficient since it provides an a priori interval
where to find this minimum [17, 18]. Furthermore, while its feasibility has not been
tested yet for ECGI, it has been shown to perform well for some numerical and biomed‐
ical problems when the L-curve failed or gavean over-regularized solution [17, 18].
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2.4 ADPC: A New Regularization Parameter Choice Method

As cited before, a suitable regularization parameter 𝛼 for Tikhonov regularization must
fulfill the DPC. This means that the 𝜎i above the suitable 𝛼 must decay to zero slower
than the corresponding ||uT

i
b||, in order to prevent the computed Tikhonov solutions (3)

from being completely dominated by the SVD coefficients corresponding to the smallest
SVs. Therefore, we performed an automatic regularization parameter choice method
based on this condition as follows:

1. We calculate the singular value decomposition of the MFS matrix, M, to obtain the
left singular vectors (ui) and the singular values (𝜎i).

2. For each instant of time, tk(ms), we compute |||u
T
i
btk

||| and we calculate the coefficients
for a polynomial p(i)tK

 of degree from 5 to 7 that is a best fit (in a least-squares sense)

for the log (|||u
T
i
btk

|||). Therefore, we have: p(i)t1 ,⋯,p(i)tNt

 polynomials, one for each
instant tk, k = 1,⋯ , Nt instants of time.

3. For each p(i)tk
, we find: 𝛼tk

= 𝜎max{i}, such that log
(
𝜎i

)
≥ p(i)tk

, with 𝜎i in descending
order.

4. The ADPC regularization parameter is: 𝛼 = median
(
𝛼tk

)
.

Note that step 2 and 3 of this algorithm are empirically choosing the lower limit that
any suitable Tikhonov regularization parameter can achieve to still fulfill the DPC. Both
steps are looking for the last index i before the SVD coefficients (corresponding to the
smallest SVs) start to dominate the solution. That means, before log

(
𝜎i

)
 starts to be

smaller than log (|||u
T
i
btk

|||). The fitting of the log (|||u
T
i
btk

|||) by a polynomial is done to
simplify the search for a suitable index i. Since the behavior of the SVs of ECGI MFS
problem and the fact that ADPC parameter choice is based on the necessary DPC, our
algorithm provides a suitable regularization parameter.

2.5 Simulated Data

To test the effect of the new regularization parameter choice method and to compare
with previous ones, eight different activation patterns (1 single site pacing in the right
ventricular (RV) free wall, 1 single site pacing in the left ventricular (LV) lateral endo‐
cardial wall, 1 single site pacing in the LV mid wall, 1 single pacing site in the LV lateral
epi and 4 single spiral waves) were simulated [19]. Propagating activation was simulated
with a monodomain reaction-diffusion model in a realistic 3D model of the human
ventricles, with transmembrane ionic currents computed with the Ten Tusscher et al.
model for the human ventricular myocyte [20]. The transmembrane currents from the
monodomain problem were used to compute the extracellular potential distribution
throughout the torso by solving a static bidomain problem in a heterogeneous, aniso‐
tropic torso model at 1 mm resolution [21]. The torso model used had heterogeneous
conductivity, with anisotropic skeletal muscle, lungs, and intracavitary blood. The heart
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model consisted of left and right ventricles, with a 0.2 mm spatial resolution, and an
anisotropic conduction derived from rule-based fiber orientation. Cardiac and thoracic
anatomy was based on MRI data. The simulations provide the theoretical, in-silico ΦT

and ΦE every 1 ms.

2.6 Analysis of the Reconstructed Potentials and Activations Time Maps:
Statistical Approach

Once reconstructed the potentials on the epicardium, correlations coefficients (CC) and
root mean square errors (RMSE) [9], and relative errors (RE = ||ΦE − Φ̃E||∕||ΦE||,
where ΦE are the simulated potentials and Φ̃E the reconstructed ones), were computed
through time. Thus, we compared the reconstructed potentials on the epicardium against
the simulated ones. Afterwards, we calculated the three quartiles of the resulting CCs,
RMSEs and REs, (Median [1st quartile, 3rd quartile]).

Similarly, we calculated the activation time (AT) maps and the respective CCs and
REs (Median, [min, max]).

3 Results

3.1 Ill-Posedness and Discrete Picard Condition

The DPC condition allows us to investigate the behavior of the SVD coefficients ||uT
i
b||

(of the right hand side) and 
||uT

i
b||

𝜎i

 (of the solution (3)). A logarithmic plot of these

coefficients, together with the respective SVs, 𝜎i (also in logarithmic scale), is often
referred to as DPC plot [12]. Given 𝜎1 ≥ ⋯ ≥ 𝜎min(2∗NT ,NS+1), lower indices i correspond
to larger SVs and bigger indices correspond to smaller SVs.

The DPC plot of Fig. 2 is an example for an in-silico single spiral wave in a fixed
instant of time chosen here randomly around tk = 100 ms. This choice is based on the
behavior of the body-surface potentials of Fig. 1 and in the literature [23].

The DPC plot above shows the ill-posedness of the inverse problem. We can see that
after the index i ~ 240SVs (being NT = 252), the data become dominated by errors/noise
and the solution (3) starts to become instable and affected by them. This is due to the
fact that for i > 240, the SVs (dot points), 𝜎i, start to decrease to zero faster than the right
hand side coefficients (crosses) and the DPC fails for any regularization parameter below
𝜎240. Besides, by looking at the different color arrows for the different parameter choices
hold on the DPC plot, we can observe the over-regularization provided by the L-curve
method.

We want to remark that while here we only plot the DPC for a certain spiral wave
data and for a fixed instant of time, tk, (as example to explain the details of a DPC plot)
the SVs for the ECGI MFS matrix as formulated in [9, 10] usually decrease slowly
initially, and they start to highly decrease for larger values of the index i (commonly
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i ∼ NT ). The same SV decay behavior for ECGI MFS for other real torso-heart geome‐
tries can be observed in [24].

Fig. 1. In-silico body-surface potentials, ΦT for tk = 1,⋯ , 300 ms (corresponding to the first beat)
of the single spiral wave used for the DPC plot example of Fig. 2.

Fig. 2. DPC plot for a time using the regularization toolbox of Matlab [22] from PC. Hansen.
The dot points show the decay of 𝜎i, the crosses ||uT

i
b||, and the circles the quotient between both.

The values of the different regularization parameter choices are located in the plot with different
color arrows and their respective methods’ name.
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Figure 3 shows the reconstructed potentials in a random location on the epicardium
through the different time instants, tk (ms) for the different regularization parameters
together with the simulated ones. We observe that in this example the solution based on
the L-curve is over-regularized.

Fig. 3. Signal reconstructed in a point of the epicardium along the time for the different
regularization parameters methods as legend indicates against the simulated one.

3.2 Correlation Coefficients and Relative Errors of Reconstructed Potentials
in Time and Activation Time Maps

Table 1 presents the three quartiles of CCs, RMSEs and REs of the reconstructed poten‐
tials with the different regularization parameters found for the single site pacing

Table 1. Median [1st quartile, 3rd quartile] of the:CCs, RMSE and REs of the reconstructed
potentials along the time.

Method Dataset CCs RMSEs REs (L2-norm)
CRESO SSPs 0.77 [0.49, 0.86] 0.05 [0.04, 0.06] 0.81 [0.62, 1.03]

SSWs 0.74 [0.57, 0.86] 0.07 [0.05, 0.10] 0.77 [0.64, 0.96]
L-curve SSPs 0.76 [0.51, 0.85] 0.05 [0.04, 0.06] 0.89 [0.67, 1.06]

SSWs 0.70 [0.46, 0.82] 0.08 [0.05, 0.13] 0.91 [0.80, 1.08]
U-curve SSPs 0.76 [0.53, 0.86] 0.06 [0.05, 0.08] 0.80 [0.60, 0.97]

SSWs 0.76 [0.60, 0.87] 0.07 [0.05, 0.09] 0.75 [0.61, 0.93]
ADPC SSPs 0.81 [0.70, 0.89] 0.06 [0.04, 0.08] 0.71 [0.54, 0.83]

SSWs 0.81 [0.68, 0.90] 0.06 [0.04, 0.09] 0.69 [0.55, 0.87]
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simulations (SSPs) and single spiral waves simulations (SSWs). Table 2 shows the
minimum, median, and maximum of CCs and REs of the respective activation time (AT)
maps. In both tables the best CCs, RMSEs and/or REs are outlined in red color.

Table 2. Median [min, max] of the CCs and of the REs for the activation time (AT) maps.NA*:
Not applicable because the computation of the ATs is inhibited due to the over-regularized solution
provided by L-curve.

Method Dataset CCs REs (L2-norm)
CRESO SSPs 0.8 [0.75, 0.9] 0.57 [0.41, 0.68]

SSWs 0.61 [0.60, 0.83] 0.24 [0.15, 0.38]
L-curve SSPs NA* 0.61 [0.4, 1]

SSWs NA* 1 [0.4, 1]
U-curve SSPs 0.83 [0.77, 0.9] 0.44 [0.28, 0.54]

SSWs 0.72 [0.68, 0.84] 0.26 [0.11, 0.37]
ADPC SSPs 0.84 [0.81, 0.86] 0.35 [0.23, 0.46]

SSWs 0.78 [0.42, 0.84] 0.25 [0.11, 0.37]

4 Discussion and Conclusions

We presented ADPC, a new method to choose the regularization parameter for Tikhonov
regularization and we showed the feasibility of this new method and the existent U-curve
method (never before used for ECGI problems). Our results showed the importance of
the choice of the regularization parameter.

For the in-silico data used here, we found that the L-curve provided an over-regu‐
larized solution for the single site pacing (SSP) in the RV and for three of the single
spiral waves simulations (SSWs), inhibiting the computation of the AT map for these
SSWs. In Fig. 2, for one of the SSWs, we can clearly see how the L-curve regularization
parameter provided is far above the other regularization parameters, as well as of the
moment where the SVs start to decay to zero faster than the respective right hand side
coefficients. For the cases that this happens, a few SVs are highly weighted in the
Tikhonov solution (3), and this results in a highly over-regularized solution. In Fig. 3,
we can visualize this fact in terms of the reconstructed potentials in a random epicardial
point along the time (for a SSP in the RV dataset); when using the L-curve regularization
parameter.

While CRESO seems to give lower RMSE in agreement with the work of Rudy [10]
for the single site pacing simulations (Table 1), the U-curve and specially the ADPC
provide higher CCs in terms of potentials (in time) and lower REs. Furthermore, the
CCs of the ATs are also higher for the U-curve and the ADPC, especially for the
SSWs(5–11% of improvement), while the REs are not affected for the SSWs and
decreased for the SSPs in a 21% respect to the usual CRESO method (Table 2).

We would like to remark that this study provides results for the ECGI MFS problem,
such as described in [9, 10]. However, it is well known that a suitable automatic regu‐
larization parameter choice method depends on the inverse problem treated [12].
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Therefore, if the ECGI problem is numerically approximated by a different method such
as the finite element method or the boundary element method, this study must be repeated
for the specific problem in each case. DPC provides an interval that any Tikhonov regu‐
larization parameter should fulfill. The empirical choice of the lower threshold for the
ADPC algorithm is working well for the ECGI MFS problem [9, 10] where the decay
behavior of SVs does not have jumps and always decays slowly for the first SVs i ~ NT,
i ≤ NT, and the respective coefficients of the solution start to be unstable exactly at that
moment. The empirical lower threshold of DPC (step 3), chosen in our ADPC algorithm,
may be differently adapted for others approaches with different SV decayment behavior.
More detail of DPC can be found in earlier work [12, 18] that may help to the reader to
adapt it to a specific inverse problem. Equally in different inverse problems involving
spatio-temporal solutions, the choice of the mode or mean instead of median could be
more accurate for step 4 than the median proposed here. Nevertheless, we believe that,
as shown for our specific problem, a good adaptation of ADPC for each different numer‐
ical approach of ECGI or other ill-posed problems should provide suitable results since
ADPC is really focused on the mathematical DPC that any Tikhonov solution should
fulfill.

Finally, it seems advisable to test the four regularization parameter choice methods
with experimental data with different pathologies and study the different solutions in
future work.
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Abstract. Electroanatomical mapping is a mandatory time-consuming
planning step in cardiac catheter ablation. In practice, interventional
cardiologists target specific endocardial areas for mapping based on per-
sonal experience, general electrophysiology principles, and preoperative
anatomical scans. Effective fusion of all available information towards
a useful mapping strategy has not been standardised and achieving the
optimal map within time and space constraints is challenging. In this
paper, a novel framework for computing optimal endocardial mapping
locations in patients with congenital heart disease (CHD) is proposed.
The method is based on a statistical electroanatomical model (SEAM)
which is instantiated from preoperative anatomy in order to achieve an
initial prediction of the electrical map. Simultaneously, the anatomical
areas with the highest frequency of mapping among the similar cases in
the dataset are detected and a classifier is trained to filter these points
based on the electroanatomical data. The framework was tested in an
iterative process of adding mapping points to the SEAM and computing
the instantiation error, with retrospective clinical data of 66 CHD cases
available.

1 Introduction

Cardiac rhythm disorders are serious life-long comorbidities affecting patients
with surgical repair of congenital heart disease (CHD). These life-threatening
conditions are commonly treated by radiofrequency (RF) catheter ablation with
a high input from the clinician in terms of personalised electroanatomical map-
ping, RF energy delivery and follow-up. CHD electroanatomical mapping is addi-
tionally challenging due to the structural differences in anatomy and unusual
haemodynamics. All these physiological changes affect the electrical conduction
system and build the substrate for arrhythmias uncommon to normal hearts,
but specific to each CHD in particular [4].

Pre-procedural planning is a major factor in the success and duration of
cardiac catheter ablation. The state-of-the-art in intra-operative image guidance
systems such as CARTO (Biosense Webster, Diamond Bar, CA, USA) or EnSite
(St Jude Medical, St Paul, MN, USA) are able to reconstruct the anatomy
c© Springer International Publishing AG 2017
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from the mapping catheter tip motion and the electrical activation from the
catheter tip electrode. However, the catheter tip can only be in contact with
the endocardium at sparse points and while a large number of points yields
better mapping accuracy, this increases pre-procedural time. Emerging multi-
electrode systems such as Rhythmia (Boston Scientific, Marlborough, MA, USA
with their basket catheter configuration limit the reachability of narrow sites in
CHD patients, despite being able to collect many mapping points in the same
time [6]. Moreover, the construction of a clinically informative map is a skill of
experienced clinicians, who are able to adapt general electrophysiology principles
to the specific CHD and patient anatomy and to decide on the position of the
mapping points.

As part of the procedural pre-planning and also for better understanding
of the electrophysiology, several electromechanical models have been proposed
[10,14]. The models were built and parameterised from a small number of mea-
surements, thus limiting the instantiation ability at finer level of deformed
anatomy and atypical activation caused for example by surgical scars. Other
approaches focused on improving the electrophysiology model by coupling a
generic equation of the anisotropic myocardial fibre orientation [7] and further
enhancing it with ECG-derived measures [16]. However, these have proved unable
to describe activation patterns measured intraoperatively [7].

Parameterisation of shape atlases has also been in extensive use in describ-
ing cardiac anatomy. Since their introduction [5], statistical shape models (SSM)
have moved from simple shape descriptions on Riemannian manifolds to more
complicated multi-dimensional spaces such as parameters of rigid transforma-
tions [3] and to combined statistical atlases of shape and texture [1] or shape
and pose [11], thus showing their applicability outside the traditional point dis-
tribution models commonly implemented in cardiac shape analysis. Furthermore,
combined inter- and intra-subject shape modelling has been used in the study of
cardiac [9] and respiratory motion [15]. In CHD patients, shape analysis on the
myocardium in Tetralogy of Fallot showed that disease-specific markers can be
computed from medical images [8,17]. Moreover, the values differed significantly
from the healthy subjects, thus encouraging cohort-specific statistical analysis.

In this paper, a novel approach for optimal electroanatomical mapping of
CHD is proposed. Firstly, a statistical electroanatomical model (SEAM) is built
for each disease and cardiac chamber separately. Secondly, the frequency of
anatomical sites chosen as mapping points in the specific CHD anatomy is com-
puted. Finally, the vertices of a new shape are classified into mapping and regular
points based on the atlas electroanatomical knowledge and sorted in descending
order of their mapping frequency across the anatomy-specific dataset. The frame-
work was tested in 5 CHD groups, adding to 66 CHD electrophysiology stud-
ies, to propose subject-specific mapping points location and compute the error
reduction in electrical feature instantiation of the SEAM, i.e. unipolar and bipo-
lar voltages and local activation times (LAT). The instantiation errors from the
proposed sequence of mapping points were compared against the instantiation
errors from the retrospective sequence of mapping points acquired in CARTO.
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The results showed a steeper reduction in the electroanatomical reconstruction
error when the mapping points were selected with the proposed approach.

2 Methods

2.1 Data Acquisition

Electroanatomical data from CARTO 3 studies of 66 CHD anatomies was
exported. Two CHD groups were represented: Tetralogy of Fallot (34 stud-
ies) and univentricular hearts repaired by Fontan procedure with total cavo-
pulmonary connection (32 studies). In the Fallot group, there were 21 studies
of right ventricle (RV) and 13 of right atrium (RAFallot), while in the Fontan
group, there were 16 left atria (LA), 9 right atria (RAFontan), and 7 total cavo-
pulmonary connections (TCPC).

Each CARTO study included the preoperative MRI, the fast electroanatom-
ical map (FAM) created by the mapping catheter, the unipolar and bipolar
voltages and the LAT at each FAM vertex, the list and position of the sparse
mapping points, as well as the rigid transformation from the intraoperative man-
ual registration of the MRI onto the FAM. The number of mapping points varied
within the same anatomy and the same CHD, with 49± 35 points in RV, 35± 18
in RAFallot, 33 ± 21 in LA, 34± 23 in RAFontan, and 33± 22 in TCPC. The MRI
meshes were smoothed in MeshLab [2].

For each of the five groups, an analysis inspired by mutual information was
performed, in order to select as template the mesh that is closest to the group
mean in terms of Cartesian distance and unipolar and bipolar voltages and LAT
difference between pairwise vertices. This yielded 6206 vertices for RV, 3940
for RAFallot, 6508 for LA, 7973 for RAFontan, and 5086 for TCPC. The corre-
spondences were chosen as the list of vertices on each template mesh and were
propagated on the other meshes using landmark-free nonrigid registration [12]. In
order to match the electrical values, the MRI meshes were registered nonrigidly
on their corresponding FAM. All distances and electrical values were normalised
within each case dataset.

2.2 Statistical Models

A statistical shape model was first built to fit a new shape s to the atlas described
by the mean shape s̄ and the matrix of eigenvectors Pa. The shape s was approx-
imated by the SSM as ŝa from the set of parameters ba, the result of least square
optimisation. This can be represented by:

ŝa = s̄ + Paba (1)

Simultaneously, the correspondences on shape s built a subset of an instance
in the statistical electroanatomical model (SEAM) defined by the mean elec-
troanatomical vector [s̄T ēT]T and the eigenvectors Pae. Again using least square
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optimisation, the current electroanatomical vector [sT eT]T was approximated
as [ŝTae êT]T, defined by the model through the parameters bae (Eq. (2)).

[
ŝae
ê

]
=

[
s̄
ē

]
+ Paebae (2)

Due to least square optimisation forcing the approximated shape to converge to
the original in both models, it can be assumed that s ≈ ŝa ≈ ŝae and therefore
Pa ba ≈ Pae,sbae, whereby Pae,s is the matrix formed by the rows of Pae

corresponding to the shape vector s. Finally, the unknown parameter vector bae

and subsequently the electrical values ê can be recovered as in Eqs. (3) and (4),
where P+

ae,s = (PT
ae Pae)−1 ·PT

ae is the Moore-Penrose pseudoinverse of Pae,s and
Pae,e are the rows of matrix Pae corresponding to the electrical value vector.

bae ≈ P+
ae,sPaba (3)

ê ≈ ē + Pae,ebae (4)

Simultaneously to building the statistical models, the template meshes were
further decimated until the number of vertices was below 200, thus clustering
the vertices of each template mesh around sparse points, while still preserving the
anatomy. The value of 200 was chosen empirically in order to cover the maximal
number of mapping points per anatomy in the dataset (136 for one RV).

Each mapping vertex of the full mesh was then approximated to the nearest
vertex of the decimated template mesh. This was performed for all subjects
within the same CHD group. The mapping frequency of each vertex on the low-
resolution mesh was defined as the sum of mapping vertices on the full-resolution
mesh, across all subjects in the anatomy-specific dataset.

2.3 Classification

RUSBoost classification of the vertices on a new instantiated shape was per-
formed in order to define target mapping areas (Algorithm 1). This particular
boosting algorithm is suitable for classes with imbalanced numbers, i.e. regu-
lar vertices vs. mapping vertices [13]. The features on which the classifier is
trained are the concatenated normalised coordinates of all shapes in the database
[x y z] and their corresponding normalised electrical features [uni bi LAT]. The
anatomical features in the test set [xtest ytest ztest] are the normalised Cartesian
coordinates of the current shape s, while the unipolar (uni) and bipolar voltages
(bi) and the local activation time (LAT) are the normalised electrical features
estimated from the SEAM Eq. (4).

2.4 Iterative Addition of Mapping Points

In order to assess the performance of the proposed framework, the computed
mapping points were added iteratively to the SEAM in decreasing order of their
probability. In each iteration, the known shape vector s was enhanced with the
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Data:
– (ytrain,[xtrain ytrain ztrain unitrain bitrain LATtrain]), ytrain ∈ {0, 1},

where 0 denotes regular vertex and 1 mapping vertex.
– number of mapping vertices is significantly lower than the number of regular

vertices, i.e. n1 � n0.
– ([xtest ytest ztest unitest bitest LATtest])
– weak learner,

which does not necessarily yield a good initial classification.

Initialisation: w1,i = 1
ntrain

, i = 1, ntrain, where wk,i is the weight of sample i in

iteration k and ntrain is the number of samples in the training set;
while preset number of iterations not reached do

1. subsample from the full set using the weights wk,i, i = 1, ntrain;
2. feed the subset and the weights to the learner;
3. learner estimates the labels of the training data;
4. update the weights with the classification error;

end
Result: ytest

Algorithm 1. RUSBoost classification algorithm for computing mapping
points on a given electroanatomical map. Adapted from [13].

electrical features of the computed mapping vertices. The electrical parameters
of the remaining vertices were estimated as in Eqs. (3) and (4). The instantiation
error was compared to the one obtained from the ground truth mapping points.
For each electrophysiology study, the number of iterations was equal to the
number of mapping points exported from CARTO. The iterative instantiation
is presented comparatively in Algorithm 2.

3 Results

3.1 Statistical Models

Table 1 shows the first mode of variation of the SEAM for each anatomy. Among
the noticeable features, the SEAM is able to describe the variation in the amount
of septal activation in RV and the atrial dilatation, a common issue in CHD.
Cross-validation on a leave-one-out basis was performed within the dataset of
each CHD anatomy. The mean instantiation errors for shape and electrical prop-
erties were also computed. The shape instantiation error errs was evaluated in
terms of mean Cartesian distance between SEAM-computed vertices position
and ground truth, while the error for the electrical values was computed as
vertex-wise L1-norm between the true and estimated parameters.

The mapping frequency of the vertices on the low-resolution template mesh of
each anatomy was computed according to Sect. 2.2 (Table 1). The atlas of map-
ping frequency was also built on a leave-one-out basis, as for SEAM validation.
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Data:
– decimated template mesh and mapping frequency of each vertex,

computed according to Sect. 2.2
– descending order of the vertices on the decimated mesh according to mapping

frequency (cluster vertices)
– nP number of CARTO mapping points

Initialisation: perform SEAM according to Eqs. (2–4);
for i ← 1 to nP do

Proposed framework Ground truth

1. classify vertices on instantiated
electroanatomy;

2. select only vertices mapped to the
cluster vertex with i-highest prob-
ability;

3. perform SEAM as in Eqs. (2–4);

1. add mapping vertices correspond-
ing to the next chronological
CARTO point;

2. perform SEAM as in Eqs. (2–4);

end

Algorithm 2. Iterative addition of mapping points for SEAM with points
computed from the proposed framework and points added chronologically
from the ground-truth CARTO point list.

The atlas was further used in ranking potential mapping points in decreasing
order of their probability and added iteratively to refine the SEAM instantiation.
The resulting colour-coded maps in Table 1 indicate the outflow tract in the RV
and the interatrial septum as frequent mapping areas.

3.2 Classification

The adapted RUSBoost classifier was cross-validated CHD-specifically by train-
ing and testing it on normalised electroanatomical values within the same
anatomical group. Overall, the accuracy averaged at 67.91 %, with a true positive
rate (sensitivity) of 54.35 %. The high accuracy at low sensitivity in RAFontan

indicates that the true negative rate is high, i.e. the model is reluctant to rec-
ommend a vertex as a mapping point if not enough previous cases are available.

3.3 Iterative Addition of Mapping Points

Mapping points selected by the classifier and ordered by their mapping frequency
according to the anatomy-specific atlas were added iteratively to the SEAM to
improve its performance and test the contribution of the proposed mapping
points. Starting with no electrical information (original SEAM), the unipolar
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Table 1. SEAM modes of variation and instantiation errors, probabilistic mapping
atlas (second set of meshes), accuracy and sensitivity of the RUSBoost classifier and
SEAM error reduction with the addition of mapping points computed by the proposed
method (green) when compared with the addition of CARTO-exported mapping points
(red). The mesh orientation is given by the superior-inferior axis (red), left-right axis
(black), and anterior-posterior axis (green).
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Fig. 1. Iterative addition of mapping points for a RV. Comparison of proposed com-
bined SEAM-classification method with the chronological addition of mapping points
as exported from CARTO. The electroanatomical maps show electrical propagation in
terms of LAT. The ground truth is the CARTO-exported LAT map.

and bipolar voltages and LATs of vertices in the regional cluster with i-highest
mapping probability were added in iteration i. Figure 1 shows snapshots of the
improvement over 3 iterations for a RV. Table 1 also includes the curves of error
reduction for one case of each CHD anatomy.

4 Discussion and Conclusion

Electroanatomical mapping as pre-procedural planning of cardiac catheter abla-
tion is a patient-specific and time consuming step which requires high skills and
knowledge from the electrophysiologist. In this paper, a novel combination of
statistical electroanatomical mapping model instantiation and classification is
employed in order to compute areas of potential interest based on previous cases
of similar disease and on patient preoperative anatomical data.

The chain of methods relies on the instantiation of a pure shape model from
known anatomy and the direct substitution into a combined SEAM to recover
the electrical data. While initial results presented in Table 1 are promising, the
method relies on the approximation that the shapes in the two models are equal.
A quantitative analysis showed that they differ in reality by an average of 3 mm,
which is in the range of the shape recovery error of the SEAM. The proposed
framework was tested in an iterative addition of the computed mapping points
to the SEAM. The error curves in Table 1 show good results for a large represen-
tative training dataset, e.g. RV (21 cases), but inconclusive results for a database
smaller than 10 subjects (e.g. TCPC). Moreover, a statistical analysis on CHD
electroanatomy was only possible due to the electrical activation pattern homo-
geneity, which needs further investigation in application to other patient groups,
such as myocardial infarction survivors.
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In conclusion, a novel method for objective identification of electroanatomical
mapping areas was proposed. The framework can be regarded as a first step in
computer-aided standardisation of pre-procedural mapping in cardiac catheter
ablation and can be used to transfer expert knowledge to trainees. Moreover,
targeted patient-specific electroanatomical mapping can help in reducing the
overall intervention time and to effectively detect potential ablation sites.
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Xavier Pennec1, Hubert Cochet2, and Maxime Sermesant1
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Abstract. To analyze left atrial remodeling may reveal shape features
related to post-ablation outcome in atrial fibrillation, which helps in
identifying suitable candidates before ablation. In this article, we propose
an application of diffeomorphometry and partial least squares regression
to address this problem. We computed a template of left atrial shape
in control group and then encoded the shapes in atrial fibrillation with
a large set of parameters representing their diffeomorphic deformation.
We applied a two-step partial least squares regression. The first step
eliminates the influence of atrial volume in shape parameters. The second
step links deformations directly to post-ablation recurrence and derives
a few principle modes of deformation, which are unrelated to volume
change but are involved in post-ablation recurrence. These modes contain
information on ablation success due to shape differences, resulting from
remodeling or influencing ablation procedure. Some details are consistent
with the most complex area of ablation in clinical practice. Finally, we
compared our method against the left atrial volume index by quantifying
the risk of post-ablation recurrence within six months. Our results show
that we get better prediction capabilities (area under receiver operating
characteristic curves AUC = 0.73) than left atrial dilation (AUC =
0.47), which outperforms the current state of the art.

Keywords: Atrial fibrillation · Catheter ablation · Post-ablation
outcome · Left atrial remodeling · Statistical shape analysis · Partial
least squares regression

1 Introduction

Atrial fibrillation (AF) is the most common type of cardiac arrhythmia [1], char-
acterized by uncoordinated electrical activation and disorganized contraction of
the atria. This condition is associated with life-threatening consequences, such
as stroke and heart failure. Catheter ablation is an effective treatment for AF
and may be recommended for drug refractory patients. Yet, for 30% of patients,
AF redevelops, resulting in repeated interventions and higher risk.
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 311–321, 2017.
DOI: 10.1007/978-3-319-59448-4 30
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In order to optimize the planning of AF treatment, a number of studies have
been looking into predictors of recurrent arrhythmia. Previous studies reported
that hypertension, Holter duration, left atrial (LA) volume and LA sphericity
[2–5] were potentially related to post-ablation recurrence, but their underlying
mechanism is still unclear, as is LA remodeling in AF.

In this exploratory work, we focus on shape variations as predictors. By
studying principal deformation modes associated with a higher post-ablation
recurrence rate, we expect to find cartographic/regional criteria that will help
us stratify the risk of post-ablation recurrence. So far, LA volume index (LAVI)
has been the only clinically accessible and reproductive index for identifying
suitable candidates for ablation. However, its relation to post-ablation outcome
has been constantly reported to be weak [6]. We therefore decided to explore
shape features that are more comprehensive than LAVI. For example, using
maps of the deformation modes, we can visualize both regional and global shape
variations, both of which may indicate potential for recurrence.

Unlike in [7], we decided to quantify anatomical variability using a registra-
tion approach based on diffeomorphism. This allows for finer shape variations
to be captured without the need for pre-defined markers. In statistical analysis,
we used partial least squares (PLS) regression rather than principal component
analysis (PCA) since PLS regression recognizes the components that are directly
linked to recurrence. We included a two-step regression to compare shape fea-
tures and volume index. Finally, we used computed tomography (CT) to ensure
detailed and accurate anatomical descriptions.

2 Methods and Experiments

2.1 Data Preparation

Population. 40 paroxysmal AF (PAF) patients were studied. They had no pre-
vious ablation at the time of imaging. Average age was 59 ± 11 years old and
31/40 of the patients are male. Post-ablation recurrence within six months was
observed in 13/40 patients. Meanwhile, we chose 24 control subjects without
significant difference in age or gender from the PAF group.

Image Acquisition. All subjects were imaged before catheter ablation using a
64-slice Siemens SOMATOM CT scanner [8]. Multi-detector CT was performed,
during the intravenous injection of iodinated contrast agent. The scans were
ECG-gated for acquisition window to occur at end-systole, when LA motion is
minimal. Temporal resolution was 66 ms. The trans-axial images were acquired
with a slice thickness of 0.5 mm and reconstructed with a voxel size of 0.5×0.4×
0.4 mm3. The protocol of this study was approved by the local research ethics
committee.

Endocardium Segmentation. We segmented the LA endocardium from CT
images using a region growing algorithm, as described in [9]. Semi-automatically
drawn polygons isolated the left atrium and served as the boundary for succe-
dent region growing process. A patient-specific intensity threshold, computed
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from tissue sampling, controlled the growing of blood pool during the iteration
process until it touched the frontier of the endocardium. Pulmonary veins were
cut several centimetres from the ostia. Based directly on image intensity, our seg-
mentation can achieve high accuracy with such contrast CT, as well as identify
PVs with several kinds of anatomies1.

Mesh Generation. Next, we generated 3D volume tetrahedral meshes of the LA
relaying on restricted Delaunay triangulation [11]2. Range for size and angle of
mesh elements were controlled via input parameters. To meet the requirements
of implementation, we extracted surface triangular meshes of the LA from the
volume meshes.

2.2 Quantification of Shape Variations

We encoded LA shape by deformation parameters in this step, adopting diffeo-
morphometry. The term was introduced recently and refers to the comparison
of shapes and forms using a metric structure based on diffeomorphism. Meth-
ods under this framework have been proven to be efficient to qualify anatomical
configurations and their differences for computational anatomy studies [12].

Mathematical Currents, Varifold Metric, Diffeomorphism. First, the
shape S was represented by flux of 3D vector field/current w across the surface,
that belongs to a Gaussian reproducing kernel Hilbert space (RKHS) W with
kernel Kw. The current w was parameterized by a set of �δck , attached to distinct
points on surface S.

Then, the deformation φ was estimated using the large deformation diffeo-
morphic metric mapping (LDDMM) on surface, characterized by initial velocity
�v0. The velocity vector belongs to a Gaussian RKHS V with kernel KV , and was
weighted by a set of moment vectors �αck . Unless otherwise stated, {ck}k=1,...,Ncp

refers to the control points of deformation in the following text. At point x,
velocity

v(x) =
Ncp∑

k=1

KV (x, ck)�αck . (1)

Thus, for patient #i, the surface Si could be represented as the sum of
deformed template T and some residuals εi, as

Si = φiT + εi. (2)

For registration, we minimized the residuals ε, in other words, the distance
between Si and φiT . For atlas construction, we minimized the sum of distances
from the template to every mesh, resulting in a Fréchet mean of shape complex,
1 We used the MUSIC software for endocardium segmentation [10].
2 We used CGAL 3D mesh generation algorithm http://doc.cgal.org/latest/Mesh 3/

index.html.

http://doc.cgal.org/latest/Mesh_3/index.html
http://doc.cgal.org/latest/Mesh_3/index.html
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T = arg min
T∈W

∑

i

d2W (T, Si). (3)

The template and the deformations were estimated simultaneously.
In order to be independent of the surface orientation, the distance between

surface meshes was defined based on varifold metric [13] as

dW (S, S′)2 = ||S − S′||2W ∗ = 〈S, S〉W ∗ + 〈S′, S′〉W ∗ + 〈S, S′〉W ∗ (4a)

with 〈S, S′〉W ∗ =
∑

p

∑

q

KW (cp, c
′
q)

(nT
p n′

q)
2

|nT
p ||n′

q|
(4b)

where c (resp. c′) refers to control points on surface S (resp. S′) and n (resp. n′)
denotes normals related to controls points.

The line search strategy was used in optimization process. More details can
be found in [14].

Remodeling. A rigid alignment of all meshes was performed in the first place,
to reduce the impact of different origin in CT images. Iterative closest point
algorithm was applied to calculate an optimized rigid registration in the least
square sense.

Using methods described above, we computed a 3D template of the LA shape
in the control group. The template offered a reference for anatomical invariant.
Then, we warped this template towards each mesh of PAF patients and calcu-
lated its deformation moments. We illustrate the process in Fig. 1(a)3.

(a) (b)

Template

Control Subjects AF Patients

Fig. 1. Extraction of remodeling information vs. controls. (a) reference for atrial remod-
eling offered by control subjects; (b) the template in blue, before and after warping in
a registration process toward the target in orange. (Color figure online)

3 Atlas estimation and registration have been integrated in the Deformetrica software
http://www.deformetrica.org/.

http://www.deformetrica.org/
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Deformations were parameterized as moment vectors �αck attached to a same
set of control points on the template for all patients. We use M i to represent
the deformation moments for patient #i

M i =
[
�αi

c1 �αi
c2 · · · �αi

ck
· · · �αi

cNcp

]T

, (5)

where �αi
ck

=
[
αi

ck1
αi

ck2
αi

ck3

]T is the deformation moment vector associated
with control point #k for patient #i; Ncp is the total number of control points.

Kernel width parameters were set as: varifold kernel width σW = 10 mm and
deformation kernel width σV = 10 mm, ensuring respectively a suitable scale of
shape variations and deformation to capture. Ncp = 3952 control points were
placed near most variable parts on the template and helped in representing shape
differences between the template and the meshes of PAF patients. With chosen
parameters, atlas estimation and pairwise registration were performed efficiently
with surfaces, as shown in Fig. 1(b).

Whitening Transform. Then, we used whitening transform to reduce the
correlation between the deformation moments.

According to Eq. 1, the norm of the velocity vector for patient #i

‖vi‖2 =
[
�αi

c1 �αi
c2 · · · �αi

cNcp

]
K

[
�αi

c1 �αi
c2 · · · �αi

cNcp

]T

= MT
i KM i, (6)

where K is a positive definite matrix that defined a metric, with its blocks
Kij = KV (ci, cj)

⊗
13. We used the Gaussian kernel KV (x, y) = exp(−|x−y|2

σ2
V

).
Since the velocity vector v belongs to a RKHS space, the whitened moment
K1/2M i belongs to the Euclidean space with L2 norm. This allows us to apply
seamlessly standard statistical methods like PLS.

We arranged the whitened deformation moments K1/2M i into a matrix as

Λ =
[
�λ1

�λ2 · · · �λi · · · �λNp

]T

, (7)

where �λi is a column vector that contains all the elements in K1/2M i; Np =
40 is the total number of patient. Thus, the dimension of Λ turns out to be
Np × (3Ncp).

To sum up, modeling complex geometries with mathematical currents
avoided using pre-defined markers, and therefore has the potential to summa-
rize any shape feature related to certain clinical factors. The finite dimensional
approximation of shape as deformation moments was robust to detect subtle
anatomical differences. Finally, whitening transform reduced the correlation due
to the kernel metric and constructed a L2 space for statistical analysis.

2.3 Statistical Modeling

PLS regression combines PCA with linear regression by projecting inputs X
and Y to a new space. X is a n × m matrix of m predictors for n observations,
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and Y is a n × w matrix of w response variables for n observations. It relates
predictors directly to response variables by finding multidimensional directions
in X that explain the maximum variance in Y . Here, we use same notations as
the tutorial [15].

We chose PLS regression so as to find the principle dimensions in deformation
parameters that correlate with post-ablation recurrence.

Dependency Analysis with Left Atrial Volume. In the first PLS regres-
sion, the whitened deformation parameters were considered as predictors, while
the LAVI was considered as response variable, as

X = Λ and Y =
[
LAV I1 LAV I2 · · · LAV Ii · · · LAV INp

]T
,

where Λ is defined in Eq. 7; LAV I was calculated for each subject as LAV I =
VLA/BSA, based on the size of the atrium VLA in units of mL and the body
surface area BSA in units of m2.

According to the percentage of variance explained shown in Table 1, the first
mode spanned an optimal subspace that explained 84.61% of LAVI variance for
the population under study. It was expected that this principle mode of variation
would be linked to volume change. To analyze shape features which are comple-
mentary to the atrial size, we subtracted, for every patient, the components in
deformation projected on this mode, as

Λ′ = X − T (:, 1)P (:, 1)T , (8)

where Λ′ is the matrix of volume-reduced deformation parameters; T (:, 1) is
the first column of X score matrix T ; P (:, 1) is the first column of X loading
matrix P , referring to the first PLS component of deformation related to LAVI.

Table 1. Percentage of variance explained in the first partial least squares regression,
for shape and left atrial volume index respectively.

PLS components 1st 2nd 3rd 4th 5th

Percentage of shape variance % 53.45 7.09 7.50 4.47 5.70

Percentage of LAVI variance % 83.61 5.45 2.03 2.07 0.96

We therefore created a new matrix of deformation parameters that were not
linearly related to LA volume change.

Correlation with Post-ablation Recurrence. In the second PLS regression,
we studied the correlation between atrial shape and post-ablation recurrence,
applying discriminant analysis and leave-one-out prediction. The volume-
reduced deformation parameters were considered as predictors, while the post-
ablation outcome within six months was considered as response variable.
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For patient #i, PLS regression was performed among all the other patients as

X = Λ′([1 : i − 1, i + 1 : end], :)

Y =
[
R1 R2 · · · Ri−1 Ri+1 · · · RNp

]T
,

where Λ′ was computed based on Eq. 8; Ri represents the post-ablation outcome
within six months for patient #i, with Ri = 1 standing for with recurrence,
Ri = 0 without recurrence.

Then, we projected the deformation parameters of patient #i on the subspace
constructed by the first n PLS components, to calculate a predicted response for
this new observation

SIi = Λ′(i, :)P (:, 1 : n)B(1 : n, 1 : n)Q(:, 1 : n)T , (9)

where Λ′(i, :) is the volume-reduced deformation parameters for patient #i; P
refers to the X loading matrix; B is the diagonal matrix of coefficients bh; Q is
the Y loading matrix.

We repeated the leave-one-out regression and prediction, and thus obtained
shape indices for every patient {SIi}i=1,2,...Np

which qualified their potential for
recurrence.

3 Results

We present here the first three modes of deformation, with a higher signal-to-
noise ratio, and their prediction capabilities. Beyond the third mode, components
may be dominated by noise, since the percentage of variance explained by them
was smaller than half of the gap between the percentage of variance explained by
previous two successive modes. The percentage of variance explained is shown
in Table 2.

Table 2. Percentage of variance explained in the second partial least squares regression,
for shape and post-ablation recurrence respectively.

PLS components 1st 2nd 3rd 4th 5th

Percentage of shape variance % 21.44 9.02 14.30 9.71 5.69

Percentage of recurrence variance % 27.47 18.09 5.67 3.98 3.95

The principle modes of deformation related to post-ablation recurrence can
be visualized and interpreted, shown in Fig. 2. Area strain [16] and the magnitude
of displacement were mapped onto meshes to illustrate detailed variations in
deformations. For area strain, red indicates enlargement of triangular elements,
while blue indicates shrinking. For displacement, regions in red deform with a
larger scale of displacement than regions in blue.
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Fig. 2. The first three modes of deformation involved in post-ablation recurrence. σ rep-
resents the standard derivation on each mode in the population. (Color figure online)

Results show that the most dominant mode has an emphasis on regions
underneath pulmonary veins, both with area strain and displacement of mesh
elements. Clinical experts confirmed that this is one of the most complicated area
to ablate in pulmonary vein isolation. Also, the remodelling around pulmonary
veins seems to be an important aspect of AF. The second mode contains a twist
of the upper-left part of the LA (from the posterior view, including roof, lateral
and anterior segments) and also changes in orientation of pulmonary veins. The
third mode, from less recurrence to more recurrence, reflects a slight change
of roundness. These 3D deformation sequences can also be shown as videos in
order to be more explicit. However, the subtle regional variations need further
interpretation.
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We compared prediction capabilities of shape indices with that of LAVI,
using student’s t-test and receiver operating characteristic (ROC) curves. The
indices are shown in Table 3.

Table 3. Student’s t-test to compare shape indices and left atrial volume index in two
sub-groups and area under receiver operating characteristic curves.

PAF patients Non-recurrence Recurrence P-value AUC

SI - 1 PLS component 0.28 ± 0.20 0.41 ± 0.23 0.04 0.65

SI - 2 PLS components 0.29 ± 0.22 0.48 ± 0.26 0.01 0.73

SI - 3 PLS components 0.30 ± 0.21 0.51 ± 0.34 0.01 0.70

Volume index/mL/m2 64.25 ± 19.34 64.97 ± 22.23 0.46 0.47

Fig. 3. Receiver operating charac-
teristic curves of 6-month post-
ablation recurrence prediction.

• Shape indices derived from PLS regression
differed significantly between recurrence and
non-recurrence groups, with p-value reaching
p = 0.01 < 0.05 with the first two compo-
nents, while LAVI did not, with p = 0.46.
• Shape indices show a better classification
performance as the discrimination threshold
varies. We draw ROC curves of the shape
indices and the volume index in Fig. 3. The
area under the ROC curve (AUC) using the
first two components is 0.73, compared with
0.47 for LAVI.
• With discrimination threshold t = 0.36 for
shape index with the first two components,
we predicted recurrence with 0.77 sensitivity
and 0.67 specificity.

From the differences, we can conclude
that the shape analysis discovered extra anatomical features compared with the
volume index for the understanding of post-ablation recurrence. Meanwhile, the
principle modes of deformation revealed in this study turned out to be clinically
meaningful.

4 Conclusion

We adapted a shape-based statistical model, extended from mathematical cur-
rents and diffeomorphism, to address the problem of post-ablation recurrence.
We eliminated the impact of atrial size in shape analysis. Then, from regressions,
we obtained shape indices better predicting post-ablation recurrence, when com-
pared with dilatation. Our shape analysis approach summarizes all shape varia-
tions at a scale that is greater than the kernel width. It is also more robust, with
respect to training samples, than using only one shape parameter, as is done
with the volume index.
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From a clinical viewpoint, we revealed the principal LA deformation modes
that were related to a higher post-ablation recurrence rate. We visualized them
and some anatomical details were consistent with the complexity of ablation in
clinical practice. These features also bring new insights on how a shape evolves
during LA remodeling, apart from volume change.

Future work includes using a larger database to reduce random effects even
further, as well as combining shape variations with other factors, such as age,
sex and electrocardiography, to stratify the risk of recurrence.
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Abstract. We developed numerical methods to optimally adjust the
parameters in cardiac electrophysiology models, using optimal control
and non-differentiable optimization methods. We define three optimal
control problems to capture the main features of the cardiac action
potential (AP). The first two control problems adjust parameters in
single-cell models to recover the duration of the various phases of the
AP or the trans-membrane potential at a given cell recorded over time.
A third control problem is defined to adjust the conductance in the
monodomain model to recover the conduction speed of an AP wave. The
methodology is used to adjust parameters in the monodomain model with
Mitchell-Schaeffer ion kinetics to recover the phase durations and con-
duction velocity in three cardiac tissues. Error on the phase durations lies
within 1–3%, except for the depolarization time. The Aliev-Panfilov and
Mitchell-Schaeffer model are adjusted to experimental recording of the
trans-membrane potential obtained through optical fluorescence imag-
ing. The Mitchell-Schaeffer model achieves a better fit to the data.

Keywords: Ionic models · Optimal control · Non-differentiable opti-
mization · Parameter identification

1 Introduction

Several ionic models are available to describe the evolution of the electrical poten-
tial across cardiac cell membranes. These models usually read as a systems of cou-
pled highly nonlinear differential equations with many adjustable parameters. The
adjustment of parameters becomes increasingly important to be able to person-
alise these models using medical data (see for instance [9,10]) or to compare mod-
els with each other in the best possible way. It is not easy to study the combined
effect of varying the parameters and the literature is usually not too explicit on
the way the parameters are adjusted in ionic models. Moreover, methods are not

c© Springer International Publishing AG 2017
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available to check in a systematic way if two models could provide a similar solu-
tion (e.g. same recording of the potential at a cell over time), for instance when
parameters are well adjusted in one model to fit the other model.

Parameter adjustment is possible with simpler ionic models using asymptotic
formula connecting the parameters with the phase durations [7,10,11]. The con-
ductance can be adjusted to the conduction velocity (CV) using Eikonal equa-
tions as in [10]. Very few attempts have been made to address the adjustment
of the ionic model parameters or the conductance using fully nonlinear models.
We are aware of the very recent paper [5] where a genetic algorithm was used
to build a cell-specific cardiac electrophysiology model and [6] where simulated
annealing is used to compare two ionic models.

This paper proposes numerical methods to optimally adjust the parameters
in ionic models, in particular when these models involve terms (ionic currents
or gating source terms) that are not continuous or stiff in the state variables.
Our method is based on the numerical solution of an optimal control problem
with a least-square objective function. Three types of least-square functions will
be used. The first one attempts to fit the main features of the cardiac action
potential (AP), namely the action potential duration (APD), the depolarization
time (DT), recovery time (RT), etc. The second function attempts to fit the
trans-membrane potential predicted by the model to experimental recording
on a single cell. The third least-square function fits the CV predicted by the
monodomain model to an experimental value.

We will illustrate the efficiency of the method for the Mitchell-Schaeffer model
[7], which is a simple two variables ionic model with a limited set of parameters
and one discontinuity in the r.h.s. of the ODE for the gating variable. Our
methodology is not limited to this model. Numerical results are presented, in
particular model fitting to experimental AP measurements obtained through an
optical fluorescence imaging technique.

2 Mathematical Models

2.1 Mitchell-Schaeffer Model

As one particular example where the proposed parameter identification technique
can be applied, we consider the Mitchell-Schaeffer (MS) two-variable model [7].
This model describes the dynamics of the trans-membrane potential u in the
myocardium and a gating variable v representing in a lumped way the opening
and closing of ionic channels controlling the passage of ions across the cell mem-
branes. Here we will consider two situations, either the 0D model for a single
cell (no space dependence of the variables u and v) or the monodomain model
where spatial propagation is assumed in the myocardium.

Single-Cell Model: The dependent variables u = u(t) and v = v(t), t > 0, are
solutions of:

du

dt
= f(u, v) + Istim(t), with f(u, v) =

1
τin

vu2(1 − u) − 1
τout

u, (1)



324 D.V. Pongui Ngoma et al.

dv

dt
= g(u, v), with g(u, v) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

1 − v

τopen
, if u < ugate,

−v

τclose
, if u ≥ ugate.

(2)

The trans-membrane current f(u, v) is the sum of the gated inward current
vu2(1 − u)/τin with time scale τin that tends to depolarize the cardiac cell and
the ungated current −u/τout that tends to repolarize the cardiac cell with time
scale τout. Finally, Istim represent an external current produced by a stimulation
electrode. The dynamics of the gating variable v depends on the threshold poten-
tial ugate for the initiation of an action potential, and on two time constants,
τopen and τclose, respectively controlling the opening and closing of the gate.
We set τ = [τin, τout, τopen, τclose] to simplify notations. The functions f and g
depend on the parameter τ . Eqs. (1)–(2) requires initial conditions u(0) = u0

and v(0) = v0, where u0, v0 ∈ [0, 1] are given.

Monodomain Model: The dependent variables u = u(x, t) and v = v(x, t),
x ∈ Ω, t > 0, are solutions of:

∂u

∂t
− ∇ · (σ∇u) = f(u, v) + Istim(t), (3)

∂v

∂t
= g(u, v). (4)

The functions f and g are defined as for the single-cell MS model, except that
the unknowns u and v depends also on the space variable x. The cardiac tissue
constitutes the domain Ω where the equations are solved. The parameter σ is
the conductance of the cardiac tissue, usually taken as a 2-tensor to represent
the anisotropic conduction properties of the myocardium. In our test cases, we
consider the 1D monodomain model where propagation is assumed to be in one
spatial direction only (e.g. planar waves). In this case, σ is a scalar constant
(e.g. conductance along the fibers). Eqs (3)–(4) come with initial and boundary
conditions, here taken as homogeneous Neumann boundary conditions.

2.2 Optimal Control Problems

We introduce three different control problems. The first problem adjusts the
parameter τ for the single-cell MS model so that the durations of the four phases
are close to known values, while the second one fits the trans-membrane potential
u from the model to a recorded experimental potential ũ = ũ(t). The third
problem adjusts the conductance σ of the monodomain model to match the
speed of propagation of the AP.
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Least Square Fit on the Phase Durations: Consider the phase durations
ΔT ∗

i , i = 1, 2, 3, 4, (i.e. DT, APD, RT and recovery phase duration) obtained
experimentally. To identify the parameters τ in the model (1)–(2), we introduce
an optimization problem whose goal is to reduce the gap between the phase
durations ΔTi predicted by the model and the target durations ΔT ∗

i .
This optimization problem reads as: Find τ∗ minimizing the following least

square function

J(τ) =
1
2

4∑

i=1

ωi(ΔTi − ΔT ∗
i )2, (5)

where ωi ≥ 0, i = 1, 2, 3, 4, are weight constants for varying the relative impor-
tance of each variable to adjust, u and v are solution of (1)–(2), the times
Ti = Ti(τ), T1 < T2 < . . . < T5, are such that

⎧
⎪⎨

⎪⎩

u(Ti) = γi, i = 1, 3, 4, γi thresholds given,

u(T2) = max
t

(u(t)),

v(T5) = γ5, γ5 given.

(6)

We set ΔTi = Ti+1 − Ti.
The thresholds γi are characteristic values of the potential u (or v for γ5)

indicating the beginning or the end of the phases. The values of the thresholds
γ1 = 0.13, γ3 = 0.5, γ4 = 0.05 and γ5 = 0.9 are used for all our test cases. For
instance, γ1 = 0.13 since ugate = 0.13 is the threshold potential to initiate a
depolarization. The maximum of the potential is reached at time t2, hence ΔT1

is the duration of the depolarization phase (DT). The threshold γ3 flags the end
of the plateau, hence ΔT2 is the duration of the plateau (more or less the APD).
The threshold γ4 is close to the equilibrium or rest value of the potential u, hence
ΔT3 is the repolarization time. The threshold γ5 is used to flag the return of
the recovery variable to equilibrium when the cell is excitable again. The time t5
thus corresponds to the end of the refractory period. We call ΔT5 the recovery
period, which is nothing but the refractory period minus the APD.

A natural choice for making each square dimensionless in the function J is
given by

ωi =
(

1
ΔT ∗

i

)2

, i = 1, 2, 3, 4. (7)

Least Square Fit of the Potential: We change the least square function to
adjust the potential u = u(t) predicted by the single-cell MS model to a given
potential ũ = ũ(t), t ∈ [0, T ] (measured or obtained with an other ionic model).
This optimization problem reads as: Find τ∗ minimizing

J(τ) =
1
2

∫ T

0

| u(s, τ) − ũ(s) |2 ds, (8)

where u and v are solution of (1)–(2) with parameters τ . It is no longer needed
to set thresholds γi, recover phase durations and wave speed. The connection
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between the parameter τ and the objective function J is more direct, but still
subject to the lack of regularity induced by the discontinuity in the function
g. We successfully solved this optimization problem to fit various ionic models
among each other (up to 3 variables and 8 parameters – not shown here). It is
possible to add other least square terms to fit other variables.

Least Square Fit on the Wave Speed: Consider the wave speed c∗ obtained
experimentally. To identify the conductance σ in the model (3)–(4), we introduce
an optimization problem whose goal is to reduce the gap between the speed of
the wave c predicted by the model and the target wave speed c∗. It is known
from an asymptotic argument presented in [11] that the parameters in the 1D
MS model are in one-to-one relation with the durations ΔT ∗

i and wave speed c∗.
It thus makes sense to try to identify the conductance σ by matching the wave
speed.

This optimization problem reads as: Find σ∗ minimizing the following least
square function

J(σ) =
1
2
(c − c∗)2, (9)

where u and v are solutions of (3)–(4), and the wave speed c = c(σ) is considered
a function of σ only since the parameters τ are assumed known from minimizing
either (5) or (8). We calculate the wave speed from the solution of the model
using

c =
x2 − x1

t2 − t1
,

where t1 < t2 are the passage times of the wave at the points x1 < x2 given in the
domain where the AP wave is propagated. At each point xi, the passage of the
wave can be flagged by finding the smallest time ti > 0 such that u(xi, ti) = γ1,
with γ1 the threshold for the initiation of the AP given above.

2.3 Numerical Methods

The Eqs (1)–(2) are solved using the function ode in Scilab, which implements
the Adams predictor-corrector method. The Eqs (3)–(4) are solved by discretiz-
ing with finite difference formulae in space and the second order semi-implicit
backward differentiation formulae (SBDF2) in time [4]. Eq. (6) are solved using
linear interpolation within time steps to ensure the accuracy of the times Ti.

The function g is discontinuous in u, which eventually leads to a lack of reg-
ularity of the solution (u, v) of (1)–(2) (similarly for (3)–(4)) and consequently
of the function J = J(τ). The derivatives of J with respect to τ may not be well
defined. Attempts with numerical differentiation of J and plots of the square
terms in J showed that numerical derivatives do not converge when the steps in
τ are refined. Direct computations of the sensitivities δu and δv with respect to
τ by solving numerically the sensitivity ODEs for a regularized version of the
MS model were not more successful. To avoid the computations of the sensitiv-
ities and the gradient of J with respect to τ (or σ), we use non-differentiable



Parameters in Ionic Models Using Optimal Control 327

optimization methods [2]. A two-step strategy was required to identify the para-
meters τ∗ and σ∗. First, we solve the optimization problem (1)–(2)+(5)–(6) for
τ∗ using the Nelder-Mead method. Setting the parameters τ∗ from this first step,
we then solved the optimization problem (1)–(2)+(9) for σ∗ using the Golden
Section method. We used the function fminsearch in Scilab that implements
the Nelder-Mead method. We implemented our own script for the Golden Section
method in Scilab.

Changing from one to an other least square function presented above is pos-
sible at no cost since the Nelder-Mead method requires only values of J at given
iterates τk, and no derivatives of this function.

The optimization method used introduces a sensitivity to the initial guess
of the parameters (or the initial interval for the Golden section method). If
convergence is reached (e.g. measured in distance between consecutive iterates)
but the value of the least-square function J is not small for the final iterate, the
minimum is likely to be local only and new initial guesses must be attempted
in the hope of getting a better fit. Asymptotic formula from [11] could be used
to obtain initial guesses for the parameters τ in the MS model. We used our
experience with the fitted models as well as trial and error to find good initial
guesses.

3 Numerical Results

3.1 Validation

To validate our approach, we tried to recover with the help of the Nelder-Mead
method the value of the parameters τ∗ = [0.3, 6, 130, 150] that correspond to
J(τ∗) = 0 for ΔT ∗ = [6.71, 251.48504, 34.311947, 270.42669], the phase durations
obtained by solving the 0D MS with this τ∗. We studied the behavior of the
method varying the tolerance Tol and the initial parameter values τ0, where the
convergence criteria is given by

||τk+1 − τk|| < Tol,

for two successive iterates τk and τk+1. Table 1 shows the impact of varying Tol.
NIter et NEval are the number of iterations of the Nelder-Mead method and the
number of function evaluations, respectively. The global minimizer is reached
with an accuracy of 10−2, while the global minimum of J is accurate at 10−10.
Starting from τ0 = [0.37, 7, 140, 160], the best value of τ∗ achieved is τfinal =
[0.3413, 5.707, 132.41, 169.48] with J(τfinal) = 0.7975322 (table not shown here).
Hence initial values τ0 must be chosen carefully to ensure convergence to the
global minimum. The value of J(τfinal) is a good measure of the fit (the closer
to zero, the better!).

A similar validation test case was carried for recovering σ∗ with the Golden
Section method, with similar conclusions on the sensitivity to the interval chosen
to initialize the method.
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Table 1. Sensitivity of Nelder-Mead method to Tol. τ0 = [0.27, 5.8, 127, 140]

Tol NIter NEval τfinal J(τfinal)

10−4 203 352 [0.3002057, 5.9988204, 130.01025, 150.08348 ] 1.239D – 09

10−6 225 409 [0.3002056, 5.9988201, 130.01024, 150.08346] 5.382D – 10

10−8 242 458 [ 0.3002056, 5.9988201, 130.01024, 150.08346] 4.100D – 10

3.2 Application to Three Cardiac Tissues

We proceed now with an application of the methodology introduced above.
Table 2 presents commonly accepted values of the phase durations and wave
speed (see for instance [3]). Note that the recovery period corresponds in our
approach to phase between the time when the potential u goes back to rest (end
of the repolarization) and the time where the gating variable v goes back to rest
(end of the refractory period). Table 3 shows the parameters τfinal obtained by
solving the control problem for the 0D model with the Nelder-Mead method,
the value of the minimum J(τfinal) and the phase durations ΔTi predicted by
the MS model for these parameter values. Table 4 shows the conductance σfinal

obtained by solving the control problem for the 1D model with the Golden
Section method. Since we have a range of experimental conduction speeds, we
obtained a range of possible conductances. This table also presents the con-
duction velocities and phase durations predicted by the 1D MS model using
the parameters fitted with the two-step identification method. For the Purkinje
fibers, we provide only values for c = 2 m/s. Larger speeds require a very large
domain with a very fine numerical resolution for the fit to be reliable because of
the fast moving and highly spread AP wave.

The fit is exceptionally good in both parameter identification steps, between
the experimental phase durations and the ones predicted by both the 0D and
1D MS models. The same remark is valid for the conduction speed. A joint

Table 2. Experimental durations (ms) and wave speed (m/s) for three tissues

Tissues ΔT ∗
1 ΔT ∗

2 ΔT ∗
3 ΔT ∗

4 ĉ∗ (m/s)

Left ventricle (LV) 8 250 30 260 0.3 – 0.5

Purkinje fibers (PF) 8 380 65 320 2 – 4

Right atria (RA) 4 – 5 100 20 250 0.3 – 0.5

Table 3. Results from the parameter identification in the 0D MS model

Tissue ΔT1 ΔT2 ΔT3 ΔT4 τfinal J(τfinal)

LV 6.41 249.96 30.28 260.00 [0.276, 4.92, 126.4, 161.5] 0.1812972

PF 8.14 379.98 64.97 320.00 [0.397, 13.3, 152.2, 168.7] 0.0101284

RA 3.9 100.00 19.99 250.00 [0.180, 4.23, 116.7, 53.4] 0.0756264
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Table 4. Results from the parameter identification in the 1D MS model

Tissues σfinal c ΔT1 ΔT2 ΔT3 ΔT4

LV 0.303 − 5.08 0.30 − 0.50 8−7.6 247.96−247.54 30.70−30.71 259.13−259.37

PF 26.729 2.00 9.9 377.95 66.22 318.86

RA 0.0980 − 0.418 0.30 − 0.50 5.4−5.0 98.45−98.70 20.59−20.52 249.43−249.43

identification of τ and σ could probably improve the fit, but the difficulty of
getting initial values that lead to convergence of the Nelder-Mead method is
avoided with the two-step method with a limited impact on the quality of the fit.

3.3 Adjusting Models to Experimental Data

Data Acquisition. For experimental validation and mathematical model para-
meterization, action potentials waves were recorded using voltage-based optical
fluorescence imaging, as described in [8]. Briefly, fluorescence dye (di4-ANEPPS)
and mechanical uncoupler (to block contraction) were injected into coronary
circulation of a healthy explanted swine heart connected to a Langendorff per-
fusion system. The optical dye was excited with green light (530 ± 20 nm) via
150 W halogen source lamps. The emitted signals from the heart were filtered
(> 610 nm) and captured by a high-speed dual CCD system (MICAM02, Brain-
Vision Inc. Japan) with 3.91 ms temporal resolution (256 frames/second). The
field of view was 184×124 pixels (12×10 cm), yielding an approximately 0.7mm
spatial resolution. The temporal change in fluorescence signal intensity recorded
at each pixel, gives directly the action potential waves. For fitting the models, we
use the AP recorded at one pixel selected from an area in the left ventricle (LV)
where tissue was homogeneously illuminated, and also both fluorescence signal
and tissue perfusion were homogeneous. Notably, we did not average the optical
fluorescence signal over a selected ROI in purpose, since this would result in a
smoother AP wave form, particularly a smoother up-stroke (which can result in
incorrect model parameters).

Model Fitting. The AP recorded by optical fluorescence were fitted with two
different models, the MS model presented above and the Aliev-Panfilov (A-P)
model [1]. The A-P model has 2 variables (a potential u and a gating variable
v) and 5 adjustable parameters. The goal is to compare the quality of fit of the
two models.

A single AP was isolated from a sequence of recorded AP. This AP was
renormalized between 0 and 1 to obtain the potential ũ = ũ(t), t ∈ [0, 1400] (in
ms) required in the least square function (8). The Nelder-Mead method was used
to solve the 0D parameter fitting problem (step 1 only). A single AP is triggered
with different stimulation currents for the two models: a current lasting 50ms
and starting at t = 100 ms is used for for the MS model, and a current lasting
20ms and starting at t = 105 ms for the A-P model. These stimulation currents
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J = 8.85

J = 0.277

Fig. 1. A-P and MS models fitted to AP recorded by optical fluorescence

were adjusted manually to ensure the best fit of the models. Figure 1 shows the
solution (u and v) and the experimental potential. The MS model achieves a
much better fit than the A-P model. This is seen by comparing the graphs and
the value of the least square function that is 32 times smaller for the MS model.

No efforts were made to control the evolution of the variable v for both
models, since this variable is not included in the least square function J . The
result is that the duration of the recovery (and refractory) period is different
for the two models. The A-P model gives a cell that is excitable again after
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1000 ms (roughly), while the MS model predicts that more 1400 ms are required
for this to occur. This situation could be improved by adding a term to control
the variable v in the least square function, assuming that experimental data on
the refractory period are available.

4 Conclusions and Perspectives

We provided a new framework for fitting electrophysiology model parameters
based on control theory. Three least-square functions are proposed, allowing
the adjustment of parameters in simple single-cell ionic models to fit either the
durations of the various phases of the AP or the shape of the trans-membrane
potential to experimental recording. The methodology can be extended to adjust
the conductance in the monodomain model in order to fit an experimentally
recorded CV. Differentiability of the ionic model is not required as no derivatives
are computed. The method is thus potentially applicable to the many ionic
models that lack differentiability (e.g. through jump functions included in those
models). In its current form, the methodology is capable of fitting models with a
modest number of parameters. So far, it has been tested and worked for models
with up to 8 parameters (not shown here), but it may eventually work for models
with a larger number of parameters as long as good initial guesses are available.

The accuracy of the fit is easily below 1% on the fitted AP phase durations in
the single-cell MS model, except for the depolarization phase which is very short
and thus subject to larger relative error (2−20% – still below 1.5 ms in absolute
error). The two-step approach allows a perfect fit of the CV while introducing a
minimal extra error on the phase durations. The least-square function (8) gave a
good fit of the trans-membrane potential predicted by the model to the potential
recorded over time on a single cell. However, the fit for this latter is as good as
a given ionic model can represent the data. For instance, the A-P model did
not turn out to be as flexible as the MS model in representing the potential
recorded by optical fluorescence imaging. The approach can definitely be used
to sort out models in terms of their capability to reproduce a given AP, be it
experimental or from an other ionic model, while using the optimal value in the
parameter space.

Future applications of the methodology include fitting the CV in more com-
plex situations and for adjusting the restitution properties of ionic models. The
fact that no derivatives are required in the optimization method is particularly
appealing for the latter. We will have to be careful in adjusting the conduc-
tance with spatially distributed data (e.g. with our optical imaging), as there
is a limitation in the number of parameters that can be adjusted with the cur-
rent approach. For instance, fitting the conductance at the 256 × 256 pixels
of our optical fluorescence image is out of reach of the proposed method. We
acknowledge that the model parameters might be different in the right ventricle,
RV (e.g. shorter APD). Thus, in the future we will investigate these parame-
ters using optical signals recorded from RV. Furthermore, we will perform data
fitting on 26 AHA segments (17 in the LV and 9 in the RV) as in [9].
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Abstract. Finite element methods (FEM) are generally used in cardiac
3D-electromechanical modeling. For FEM modeling, a step of a suitable
mesh construction is required, which is non-trivial and time-consuming
for complex geometries. A meshless method is proposed to avoid meshing.
The smoothed particle hydrodynamics (SPH) method was used to solve
an electrophysiological model on a left ventricle extracted from medical
imaging straightforwardly, without any need of a complex mesh. The
proposed method was compared against FEM in the same left-ventricular
model. Both FEM and SPH methods provide similar solutions of the
models in terms of depolarization times. Main differences were up to
10.9% at the apex. Finally, a pathological application of SPH is shown
on the same ventricular geometry with an added scar on the heart wall.

Keywords: SPH · Meshless · FEM · Cardiac electrophysiology

1 Introduction

Patient-specific modeling has become an interesting research topic in the cardiac
electrophysiology community because it can help to understand the electrical
propagation and its pathologies [2]. FEM is a well-established numerical app-
roach often used to investigate the electro-mechanics of the human heart [3,13].
The generation of complex meshes is necessary. Meshing is one of the main bot-
tlenecks for the clinical translation of cardiac modeling tools since it is difficult to
have a streamlined and automated pipeline to generate accurate FE simulations
from imaging data [10]. Another non-trivial step of FEM in electro-mechanics is
the coupling between electrophysiology and mechanics when meshes with differ-
ent resolution for both problems are used. It is expected that a way to overcome
these difficulties could be through a meshless approach.
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DOI: 10.1007/978-3-319-59448-4 32
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Various meshless methods have demonstrated the ability to provide a com-
putational feasible model for cardiac electrophysiology simulations, without bur-
den mesh generation [2,5,15]. In this paper, SPH [8] is proposed to numerically
solve the Mitchell-Schaeffer (MS) electrophysiological model [7] on the electrical
depolarization of the left ventricle. To evaluate the accuracy of this approach, a
comparison with a FEM implementation [6] was conducted. Finally, a scar was
added to the ventricular myocardium to show the potential use of the proposed
meshless approach in a pathological case. The goal is to explore the accuracy,
speed and limitations of SPH with respect to FEM, as a first step towards a
potential full electro-mechanical heart model using a meshless approach.

2 Method

In this section, the electrophysiological model and the SPH discretization scheme
are explained. For further details of the FEM approach, refer to [6].

2.1 Electrophysiological Model

In this paper, the macroscopic biophysical mono-domain model Mitchel-Schaeffer
together with a diffusion term [13] was used to model the cardiac electrophysi-
ology. This model was chosen because it captures the action potential duration
(APD) (Fig. 1), considers fiber orientation in the diffusion term and is only
governed by 6 parameters, which might facilitate a more precise model person-
alization since less parameters need to be fitted to given data.

⎧
⎪⎨

⎪⎩

∂tv = wv2(1−v)
τin

− v
τout

+ Iapp

∂tw = 2

{
1−w
τopen

if v < vgate
−w

τclose
if v > vgate.

(1)

When considering the geometry, a diffusion term div(C∇v) is required to the
first Eq. (1) [13]. C ∈ R

3,3 is the connectivity tensor defined as

C = (τ ⊗ τ (1 − ar) + Id · ar) · c, (2)

with τ ∈ R
3 being the vector corresponding to the fiber orientation, ⊗ the tensor

product, Id ∈ R
3,3 the identity matrix, ar ∈ R the anisotropic ratio and c ∈ R

the conductivity coefficient that controls the propagation velocity. ar controls
the conduction velocity in the fiber orientation with respect to the transverse
plane, e.g. in the case ar = 1 , the fiber orientation is not anymore taken into
account, hence reducing the model to the isotropic case.

The parameters τin, τout, τopen, τclose ∈ R control the duration of the four
stages of the APD. The depolarization phase is controlled by w ∈ R and
vgate ∈ R defines at which point the APD starts. Iapp ∈ R corresponds to the
first stimulus of the transmembrane potential v ∈ R.
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Fig. 1. Left: Example of the 4 stages of the cardiac action potential: initiation (1),
plateau (2), decay (3), and recovery (4). Right: Example of an SPH Kernel for 2D.

2.2 SPH Discretization

SPH is a meshless Lagrangian method, where each solid particle carries its own
properties such as density, conductivity, etc. Given a continuous function f :
R

3 → R representing a particle property at the spatial position r , it can be
approximated with a delta Dirac function (3):

f(r ) = (f ∗ δ)(r ) =
∫

R3
f(r ′)δ(r − r ′)dr ′ ≈

∫

R3
f(r ′)W (r − r ′, h)dr ′. (3)

Notice that the delta Dirac function was approximated with a kernel function
W (r − r ′, h), where h ∈ R is the so-called smoothing length (Fig. 1). For Eq. (3)
to hold, W must fulfill the following

∫

R3
W (r − r ′, h)dr ′ = 1 and lim

h→0
W (r − r ′, h) = δ(r − r ′). (4)

The integral in (4) is approximated as a finite sum, where the density ρj and
the mass mj are obtained by replacing the infinitesimal volume dr ′ by the finite
volume (5).

f(r ) = lim
h→0

∫

R3

f(r ′)
ρ(r ′)

W (r − r ′, h)ρ(r ′)dr ′

∝
N∑

j=1

mj
fj

ρj
W (r i − r j , h) = fi,

(5)

where fi is the approximated value of the function f at the position r , i.e. at
the particle of interest i. Due to the previous formulation (5) the derivative of
the function f in the same position r can be approximated as a derivative of the
kernel function (6)

∇fi =
∑

j

mj
fj

ρj
∇W (r i − r j , h). (6)
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The electrophysiological model (1) in the SPH formulation reads:

∂tvi = Ci ◦
ni∑

j=1

mj
vj − vi

ρj
∇2W (r i − r j , h)

+ ∇vidiv(Ci) +
wiv

2
i (1 − vi)
τin

− vi

τout
+ Iapp,i

∂twi = 2

{
1−wi

τopen
if vi < vgate

−wi

τclose
if vi > vgate,

(7)

where ◦ is an element wise multiplication (Hadamard product), ∇2W ∈ R
3,3 is

the Hessian matrix of the kernel including all the Hessian derivatives and

∇vidiv(Ci) =
ni∑

j=1

mj∇W (ri − rj , h)
Cj − Ci

ρj
·

ni∑

j=1

mj
vj − vi

ρj
∇W (ri − rj , h),

(8)
where ni is the number of neighbors of the particle pi.

Boundary conditions are difficult to handle in SPH, even when simple bound-
ary conditions such as symmetric surface boundary are required. This is due to
the truncation of the particle neighborhood near a boundary, which results in a
truncation of the integral of Eq. (5) [4]. Moreover, when it is assumed that the
system connectivity only changes because the particles lose or gain connectiv-
ity through a boundary (no-flux), there is no need to place special conditions
on the gradient of the potential function v near the boundary [4,8]. In other
words, if all the boundaries fulfill the no-flux condition, then the symmetry of
the SPH ensures that the system conserves its flux because the particles inter-
act amongst themselves. On top of this, a corrective smoothed particles method
(CSPM) was implemented to overcome the lack of particles in the boundaries
while enhancing the solution accuracy inside the domain [4]. After applying
CSPM, the discretization scheme has an accuracy of O(h2) for interior points
and O(h) for points near or on the boundary, where h is the distance between
particles. The distance depends on the choice of the spatial resolution.

The cubic B-spline kernel (9) was used here since its first derivatives are
positive for neighbor particles close to the particle of interest [4]

W (x − x’ , h) =
αd

h3

⎧
⎪⎨

⎪⎩

1 − 3
2q2 + 3

4q3 for q < 1
1
4 (2 − q)3 for 1 ≤ q < 2
0 elsewhere,

(9)

where in order to fulfill (4), the coefficient αd = 1
π and q is defined as

q =
|x − x′|

h
=

r

h
. (10)

Regarding the time integration scheme, a forward explicit Euler method was
used for SPH whose accuracy is O(h), h being the time step. For FEM, the
modified Crank-Nicholson/Adams-Bashforth (MCNAB) was used [13].
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3 Experiments

To evaluate the proposed SPH-based electrophysiological model, the same model
was solved with a FEM scheme and results were compared for the electrical
depolarization. An image-based left-ventricular geometry was evaluated in this
work to have a preliminary comparison between the methods. The two methods
are labeled as:

– FEMMS: Mitchell-Schaeffer model discretized with FEM [7].
– SPHMS: Mitchell-Schaeffer model discretized with SPH.

For FEM and SPH approaches, two different resolutions were considered.
The low resolution had 18667 nodes and the high resolution had 51037 nodes
for both approaches. For FEMMS, a tetrahedral mesh was computed from the
segmented left ventricle. For the proposed approach SPHMS, a set of equidistrib-
uted points from the same anatomy was used. Each SPH particle has a density
of 1053kg/m3, corresponding to reported myocardium density [14]. The mass of
each particle was computed as the product of the density times the volume of the
cubic cell defined between the particle of interest and the neighboring particles.
To understand the impact of key intrinsic parameters of the SPHMS, additional
experiments were conducted for several kernel sizes in these two resolutions. In
order to evaluate the accuracy of these experiments, an analysis of the L2 dif-
ferences between FEM and SPH activation times, as well as the computational
time, were investigated (Table 1).

For all simulations, myocardial fiber orientation was included in each of the
nodes to achieve a physiological behavior. Fibers were assigned following the
rule-based model angles described by D. Streeter et al. [12]. Regarding the
parameters, an initial electrical impulse Iapp = −580000 mV

s was imposed in a
set of points on the apex surface corresponding to 80 mm2 during 4 ms so that in
the first time step with an integration time of dt = 10−4 s an initial potential of
v = −58 mV was obtained. Time variables were τopen = 120 ms, τclose = 150 ms,
τin = 0.3 ms, τout = 6 ms, following [7]. An anisotropic ratio ar = 0.16 was used.

Moreover, a scar was added in the myocardium of the same left ventricle
to show how SPH handles a pathological example. In particular, the electrical
activation was simulated during one second for both healthy and pathological
scenarios. It was assumed that the heart rate was 75 bpm, i.e. the heart period
was 0.8 s. Under this assumption, three activation phases were observed within
one simulated second: the depolarization phase, where particles get activated; the
repolarization phase, where particles get deactivated; the second depolarization
phase, where particles get activated again. The scar was placed in the septal-
anterior region close to the base. Shape and location of the induced scar are
shown in Fig. 2. The high resolution (51037 particles) model with a kernel size
of 3 mm was used for both healthy and pathological simulations. The scar tissue
was applied to 1621 particles while 5891 particles were treated as gray tissue
(tissue near the scar). The rest of the particles were considered as healthy tissue.
Two different pathological experiments with different model parameters were
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simulated. In the first pathological simulation, denoted as ‘pathological with low
conductivity’, particles in the gray zone and in the scar were modified according
to [1], in such a way that their conductivity coefficient is reduced but not null. In
the second pathological case, denoted as ‘pathological with zero conductivity’,
particles in the scar are assumed to have zero conductivity.

Fig. 2. Scar regions in black, Grey zones in grey and healthy zones in red. (Color figure
online)

To visualize the discretized domains using both discretization schemes, the
structure of the meshes is shown in Fig. 3. In the case of SPH, a 3D Delaunay
filter from Paraview (Kitware Inc., Clifton Park, USA) was used to enhance
the volume visualization, since unconnected points in 3D do not provide a good
visual 3D representation.

4 Results and Discussion

Results section is structured as follows: first, a sensitivity analysis of the impact
of key intrinsic SPH parameters is presented. Then, a qualitative comparison
against the FEM solution for depolarization is presented. Finally, experiments
to show the SPHMS applicability in a pathological case with a scar are shown.
Depolarization and repolarization phases were compared between healthy and
pathological cases using SPH.

4.1 Sensitivity Analysis

A sensitivity analysis of particle resolution, as well as the kernel size was con-
ducted for SPH and compared against FEM results. Five kernel sizes ranging
from 0.003 to 0.007 m were evaluated. A kernel size < 0.0025 m fails due to insuf-
ficient number of neighbors, while a kernel size > 0.007 m has so many neighbors
that the computational time was excessive for the potential gain in accuracy.

Table 1 shows that the L2 error is not linear neither over the kernel size
nor over the resolution. A reduction of the difference between SPH and FEM
was observed when the number of degrees of freedom was incremented for the
evaluated kernel sizes. In terms of computational time, it increases linearly over
the kernel size and faster over the degrees of freedom. The FEM implementation
was faster than the SPH one. A GPU implementation (relatively easy with SPH
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Table 1. L2(R) norm of the difference of depolarization times between SPH and FEM
simulations in the endocardium and computational time (in brackets) of 150ms with
a 4 processor Intel computer for both SPH and FEM.

Number of
particles

SPH kernel size FEM

0.003 0.004 0.005 0.006 0.007

18667 10.294 9.792 9.767 9.500 10.911 –

(37 s) (1 m 13 s) (3 m 13 s) (6 m 43 s) (10 m 43 s) (9.92 s)

51037 4.258 4.209 4.723 5.103 6.082 –

(4m 52 s) (11 m 03 s) (21 m 02 s) (38 m 41 s) (57 m 26 s) (27.41 s)

formulation) could overcome this disadvantage of the SPH approach [9]. The
choice of a kernel size of 3 mm and a resolution of 51037 particles is a good
balance between kernel size and number of degrees of freedom since the L2 error
with respect to FEM is very small and it was relatively fast to compute. For the
rest of the results, this choice of kernel size and resolution was used.

4.2 Qualitative Comparison

Depolarization times were first qualitatively compared using a discrete colormap
divided by ten isochronous on the ventricle. In all simulations the electrical activa-
tion started from the apex until the septal base. SPHMS and FEMMS show the
same range of depolarization times and a similar activation pattern (Fig. 3). More-
over, it is observed that all particles in the endocardium get activated after 123 ms.

Fig. 3. Left: Contour color map of depolarization times for the left ventricle model.
Middle: a longitudinal cross section of the ventricle. Right: projected endocardium onto
a disk for both SPH and FEM simulations.
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To evaluate the propagation with both approaches, a picture of the activation
times for the same cross section in both approaches is shown in Fig. 3 (middle
column). In general, a visual comparison of this figure shows that the behavior
over the whole ventricular volume is similar for both FEM and SPH methods.
The left ventricle endocardium was then mapped into a disk by the use of Quasi-
conformal mapping (QCM) [11] to better visualize differences in all regions. The
mapped results are shown in the bullseye plots of Fig. 3.

To insight into the differences between SPHMS and FEMMS, the absolute
differences between the depolarization times of these two numerical approaches
were computed on the endocardium. These differences were projected on a home-
omorphic disk as shown in Fig. 4. In this figure, it is observed that the highest
differences of depolarization times in the endocardium occur near the apex with
a peak difference of 13.5 ms. For most of the domain, the differences are less than
4 ms as can be seen in the histogram of Fig. 4.
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Fig. 4. Left: Difference map of depolarization times between SPHMS and FEMMS.
Middle: projection of the differences onto a disk divided into septal (S), lateral (L),
anterior (A) and posterior (P) regions. Right: histogram of number of points per region
with respect to the time difference.

4.3 Pathological Case

Results of the experiments described in Sect. 3 for both healthy and pathological
cases are shown in this subsection. The pathological simulations took 22 m 45 s
for 99 ms. Depolarization times, repolarization times and second depolarization
times are presented using a discrete colormap divided by ten isochronous on
the ventricle (Fig. 5). Results for the pathological case with zero conductivity
were thresholded at 0.66 s to avoid having particles at two repolarization phases
simultaneously, which facilitates the comparison among the first phases for the
three experiments (healthy, pathological with low conductivity and pathological
with zero conductivity).

In pathological cases, some regions of the ventricle take a longer time to get
activated due to the low conductivity around the scar. In fact, the latest particle
gets activated at 169.97 ms (low conductivity) and 656.12 ms (zero conductiv-
ity) for the two pathological scenarios, whereas in the healthy case, the latest
particle does it after 129 ms. However it was observed for all three cases, that
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Fig. 5. Different phases for each of the three simulations (from above to below): healthy,
pathological with low conductivity and pathological with zero conductivity on the scar).

the ventricle gets repolarized from the apex to the base. In the two patholog-
ical cases, the activation pattern goes around the geometry of the scar. In the
middle column of Fig. 5, the depolarization phase is depicted. For all cases, the
heart starts its depolarization from the apex as it should be. Nevertheless, the
depolarization times for the pathological cases are higher due to the lower con-
ductivity in the gray and scar zones. Similarly to the repolarization time, the
pattern for the deactivation in the pathological cases takes the shape of the scar
into account.

Finally, the second repolarization is shown on the right of Fig. 5. In a heart
without arrhythmia, the second repolarization phase should have the same pat-
tern as the first repolarization phase when the electrical impulse is given in the
apex again after 0.8 s. Nevertheless, for the pathological case with zero conduc-
tivity, particles in the gray zone get reactivated before 0.8 s due to their low
(but not zero) conductivity. In particular, the first particle in the gray zone to
be activated (at 390 ms) forces the apex to reactivate much earlier than 0.8 s.
This implies that the heart gets reactivated before it should, which is known as
‘reentry arrhythmia’ and has been observed in patients with scars.

Finally, as part of the limitation of this study, full heart geometries will be
considered in the future to evaluate the robustness of the proposed SPHMS.
Moreover, the validation of SPH for electrophysiology should be performed by
comparing it with patient data or with a higher number of validated synthetic
geometries. The impact of the particle distribution on the results needs to be
revised as well, especially when particle motion is taken into account.
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5 Conclusions

In this paper, it was shown that SPH is an alternative method to model car-
diac electrophysiology. This work has not only demonstrated that the presented
meshless method can provide a physiological meaningful model, but that the
results are similar to existing mesh-based methods in terms of activation pat-
terns and depolarization times. The comparison shows promising results towards
a proper validation of the method and accuracy assessment against real data.
Moreover, a pathological case was also investigated to show the potential use of
SPH in the present of a scar. SPH methods are a promising alternative to pro-
duce patient-specific simulations. Their ability to import an unstructured set of
points without any mesh makes the integration of sparse imaging data (including
anatomy and velocities) straightforward.
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Abstract. Myocardial fiber orientation determines the propagation of
electrical waves in the heart and the contraction of cardiac tissue. One
common approach for assigning fiber orientation to cardiac anatomi-
cal models are Rule-Based Methods (RBM). However, RBM have been
developed to assimilate data mostly from the Left Ventricle. In conse-
quence, fiber information from RBM does not match with histological
data in other areas of the heart, having a negative impact in cardiac
simulations beyond the LV. In this work, we present a RBM where fiber
orientation is separately modeled in each ventricle following observations
from histology. This allows to create detailed fiber orientation in specific
regions such as the right ventricle endocardium, the interventricular sep-
tum and the outflow tracts. Electrophysiological simulations including
these anatomical structures were then performed, with patient-specific
data of outflow tract ventricular arrhythmias (OTVA) cases. A compar-
ison between the obtained simulations and electro-anatomical data of
these patients confirm the potential for in silico identification of the site
of origin in OTVAs before the intervention.

Keywords: Fiber orientation · Rule-based method · Electrophysiolog-
ical simulations · Arrhythmias · Outflow tracts

1 Introduction

Outflow tract ventricular arrhythmias (OTVAs) are a type of arrhythmia in
which the site of origin (SOO) of the ectopic beat is located in one of the two
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 344–353, 2017.
DOI: 10.1007/978-3-319-59448-4 33
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outflow tracts. In order to treat this disease, clinicians need to locate and ablate
its SOO by Radio Frequency Ablation (RFA). Usually, the ectopic focus is iden-
tified after visual inspection of the electrocardiogram (ECG) by experienced
observers, which is confirmed during the intervention with Electro-Anatomical
Mapping (EAM) data. Unfortunately, sometimes the SOO cannot be properly
determined from the ECG since it can be located in regions where both OTs
are very close. In those cases, RFA interventions can last several hours if several
EAMs need to be acquired to identify the SOO.

Personalized electrophysiological simulations of the heart have recently shown
promising results to support clinical decisions [1]. Nevertheless, there are some
limitations in the existing models for helping to determine the SOO in OTVAs.
Most simulation studies in the literature have focused on the left ventricle (LV)
due to the complexity of obtaining accurate data of the right ventricle (RV),
especially on fiber orientation (e.g. with Diffusion Tensor Magnetic Resonance
Imaging [2]). Even though biventricular geometries are often considered in the
models, they do not include the outflow tracts, but an artificial basal plane well
below the valves. One of the main reasons for that practice is that Rule-Based
Methods (RBM) usually employed to generate myocardial fiber orientation do
not include specific information about the RV or the outflow tracts, preventing
the use of cardiac simulations with OTVA data.

Since electrical wave propagation is determined by fiber orientation [3,4], a
proper fiber configuration is needed in order to obtain more accurate and reliable
simulation results. We present here an adaptation of an existing RBM [5] that
includes specific fiber orientation in cardiac regions relevant for OTVAs, follow-
ing observations from histological data. According to this data, fiber orientation
in the RV sub-endocardium has a longitudinal direction from the apex towards
the pulmonary and tricuspid valves, as illustrated in Fig. 1. Moreover, fiber ori-
entation in the sub-endocardium and sub-epicardium of the OT have a longitudi-
nal and circumferential direction, respectively. In addition, the developed RBM
processes both ventricles independently, which gives more flexibility to generate
different fiber configurations. Septal fiber orientation can also be independently
modified, allowing the study of its discontinuity, which is still under debate:
whereas some studies indicate the existence of a continuous septum [6], others
show fiber discontinuity and evidences of a bilayered septum [7,8].

In this work, fiber configurations generated with the proposed RBM are com-
pared with state-of-the-art RBM in a simple heart geometry without OTs for
verification purposes. Several electrophysiological simulations were performed to
study the effect of using different fiber configurations on the heart electrical
propagation. Finally, the proposed RBM was applied to several patient-specific
geometries showing OTVA in which electrophysiological simulations with differ-
ent SOOs were run. The resulting in silico isochrones around the RV earliest
activated point were then compared with patient-specific EAM data for valida-
tion purposes.
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Fig. 1. Histological data of the heart. Left: Fiber configuration in the RV sub-
endocardium, with longitudinal directions to the pulmonary and tricuspid valves
(dashed red and green lines, respectively). Right: RVOT slice showing longitudinal
direction in the sub-endocardium wall. R: Right; L: Left; A: atrium; V: ventricle; CS:
coronary sinus; ∇Ψbasal: apico-basal direction; ∇ΨOT : apico-OT direction (Color figure
online)

2 Methodology

The developed RBM was inspired by the work of Bayer et al. [5], which is mainly
based on Streeter’s observations [9] from the left ventricle. We have improved
that RBM by:

(i) Extending fiber orientation up to the outflow tracts.
(ii) Modifying the fibers in the RV endocardium according to histological

studies. These fibers have two main longitudinal directions, one from the apex
to the pulmonary valve and other from the apex to the tricuspid valve (see
Fig. 1).

(iii) Allowing septal discontinuities by modifying the angle between the septal
fibers of LV and RV.

2.1 Mesh Generation

The geometries used in this work were patient-specific tetrahedral meshes built
from the processing of computed tomography (CT) images. A bi-ventricular
model including the outflow tracts was built from semi-automatic segmentation
performed by region growing techniques available in 3DSlicer1. Subsequently,

1 https://www.slicer.org.

https://www.slicer.org


A Rule-Based Method to Model Myocardial Fiber Orientation 347

surface meshes were generated applying the classical Marching Cubes method,
which was followed by some post-processing steps (e.g. smoothing, labelling),
performed in Blender2. Finally, tetrahedral meshes (∼80000 nodes and ∼400000
elements) were created using iso2mesh3.

2.2 Fiber Generation Algorithm

A scheme of this process can be visualized in Fig. 2. The first step for assigning
fiber orientation was to generate a local orthonormal reference system at each
node of a given personalized heart geometry. The axes of the local orthonormal
reference system were the longitudinal (êl) transmural (êt) and circumferential
(êc) directions. Transmural and longitudinal directions were defined by solving
the Laplace equation using the corresponding geometrical surfaces as Dirich-
let boundary conditions and computing the gradient of the resulting distribu-
tion map; the geometrical surfaces were: RV and LV endocardium; epicardium;
apex; and the tricuspid, mitral, pulmonary and aortic valves. The circumferential
direction was computed from the cross product of transmural and longitudinal
directions. Fiber orientation was then obtained by rotating the obtained vector
êc around êt by a given angle α.

Fig. 2. Schematic showing the different steps of the presented RBM. ∇Ψ : longitudinal
gradient; ∇Ψbasal: apico-basal gradient; ∇ΨOT : apico-OT gradient; ∇Φ: transmural
gradient; êl: longitudinal axis; êt: transmural axis; êc: circumferential axis.

Specifically, transmural direction (∇Φ) was defined solving the Laplace equa-
tion between the endocardium and epicardium of each ventricle independently,
2 https://www.blender.org.
3 http://iso2mesh.sourceforge.net.

https://www.blender.org
http://iso2mesh.sourceforge.net
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and subsequently computing the gradient of the Laplace solution. The Laplace
equation was simultaneously computed for both ventricles, assigning a negative
value to the LV endocardium and a positive to the RV one, allowing independent
fiber configurations for both ventricles. Longitudinal direction (∇Ψ) was also
defined separately in each ventricle. This direction was the result of a weighted
sum of the apico-basal gradient (∇Ψbasal) and the apico-OT gradient (∇ΨOT ),
defined individually in both ventricles: ∇Ψbasal considered the mitral or tricuspid
valves and ∇ΨOT the aortic or pulmonary valves, for LV and RV, respectively.
These two main directions were already described by Greenbaum et al. [10] and
can be visualized in Fig. 1 (dashed lines). The previous sum was weighted by an
intra-ventricular interpolation function f , which was computed by solving the
Laplace equation between the pulmonary-tricuspid valve and the aortic-mitral
valve in the RV and LV, respectively. In this way, we obtained a distribution
of values allowing to control the smoothness in fiber changes near the OT in
different geometries. The resulting longitudinal direction for each ventricle was:

∇Ψ = ∇Ψbasal · f + ∇ΨOT · (1 − f) (1)

Using the previously calculated gradients (∇Ψ , ∇Φ), the local coordinate
system was set up for each vertex, which is fully described with the following
vectors:

êl =
∇Ψ

‖ ∇Ψ ‖ êt =
∇Φ − (êl · ∇Φ) · êl

‖ ∇Φ − (êl · ∇Φ) · êl ‖ êc = êl × êt (2)

Fiber orientation was estimated in every vertex by rotating counterclockwise
the vector êc around êt the vector êc with an angle α, defined in each ventricle as:

α = αendo(f) · (1 − d) + αepi(f) · d (3)

where d is the transmural depth normalized from 0 to 1. The different values
of αendo and αepi were chosen to replicate observations from several histological
studies [9–11]:

– LV (based on Streeter’s observations [9]): αendo(f = 1) = −60◦; αepi(f = 1) =
60◦

– RV (based on Greenbaum [10] and Sanchez-Quintana [11]): αendo(f = 1) =
90◦ (same as longitudinal direction); αepi(f = 1) = −25◦

– OTs (based on Sanchez-Quintana [11]): αepi(f = 0) = 0◦ (circumferential
direction);αendo(f = 0) = 90◦ (longitudinal direction)

2.3 Septal Discontinuity

The presented RBM is able to include fiber angle discontinuity in the septum.
This can be done since we define transmural direction (∇Φ) independently in
each ventricle. The first step was to determine the contribution of each ventricle
to the septal wall; some studies [7] state that two thirds of the septal wall belong
to the LV. Therefore, we applied modified Dirichlet conditions when computing
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the Laplace equation: the negative values assigned to the LV were the double of
the positive ones assigned to the RV surfaces. In this way, we could identify a
border surface between the positive/negative values and use it for guiding the
interpolation of the fiber angles in the septum. Therefore, the expression for
assigning the fiber angle in the septum remained as:

α = αendo(f) · (1 − d) + αseptal(f) · d (4)

where αseptal is the fiber angle at the border of the ventricles. Continuity or a cer-
tain angle discontinuity in fiber orientation could easily be forced by modifying
this angle.

3 Results

3.1 Angle Difference

The performance of the developed method was analyzed setting up an experi-
ment to estimate fiber angle differences with respect to Bayer’s RBM [5] and
several configurations of the presented RBM. However, Bayer’s RBM is not
able to reproduce fiber orientation above the basal plane since it is used as
a boundary condition, making the comparison of the OT fibers unfeasible. Thus
a bi-ventricular geometry of OTVA patients was cut below the outflow tracts so
that all the existing RBM could be run. As expected, the main angle differences
between both RBM were found in the RV endocardium and near the RVOT
(see upper row of Fig. 3), where we forced longitudinal directions from the apex
towards the pulmonary and tricuspid valves in our method.

3.2 Electrical Activation

The impact of the proposed RBM in the electrical activation of the heart was
evaluated running several electrophysiological simulations with fiber configura-
tions provided by the existing and proposed RBMs. Simulations were performed
with the SOFA software4, using the Mitchell-Schaeffer model [12]. Using one of
the available bi-ventricular geometries (shown in Fig. 3), simulations were run
placing the ectopic focus in the RV apex. In each simulation only fiber orien-
tation was changed, keeping unaltered the remaining parameters of the model
such as the conductivity anisotropy ratio (in our simulations conduction velocity
in the fiber direction is 2.5 larger than in the transverse plane). Lower row of
the Fig. 3 shows the electrical activation isochrones obtained with the contin-
uous and discontinuous septum versions of the proposed RBM as well as with
Bayer’s RBM (left, center and right in the lower row of the figure, respectively).
It can be observed in Fig. 3 that the electrical activation patterns are quite sim-
ilar except in the septum and the RV endocardium (see white arrows), using

4 An Open Source medical simulation software http://www.sofa-framework.org.

http://www.sofa-framework.org
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Fig. 3. Upper row:(a) Fiber orientation provided by the proposed RBM with a contin-
uous septum; (b) angle differences (in radians) with fibers in a discontinuous septum;
(c) and with Bayer’s RBM method. Lower row: Electrical activation isochrones (in
seconds) provided by different models: the proposed RBM with a continuous (d) and
discontinuous (e) septum; (f) Bayer’s RBM. White arrows point towards the main
differences found in the septal activation pattern.

the continuous septum version of the proposed RBM as reference. The larger
delay in the basal septum showed in panel C comparing to the ones from our
method (panels A and B) is due to the RV septal fiber difference. In our code, an
apex-base direction was forced (∇Ψbasal), as a consequence, the impulse travels
faster in our geometry than in the obtained by Bayer’s RBM, which has more
circumferential fibers.

These results can be evaluated in a more quantitative way by calculating the
mean local activation time (LAT) differences for each geometry. Taking the con-
tinuous septum version of the proposed RBM as reference, LAT differences were:
2 ± 2 ms (mean ± std) with the discontinuous septum version; and 6± 5 ms com-
pared with Bayer’s RBM. A more localized analysis in the septal wall showed
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larger LAT differences: 4 ± 2 ms with the discontinuous septum version; and
8 ± 6 ms with Bayer’s RBM.

3.3 OTVA Simulations

Lastly, we have also run electrophysiological simulations with fiber orienta-
tion computed with the proposed RBM on heart geometries of different OTVA
patients. The obtained simulated electrical propagation waves were then com-
pared with patient-specific EAM data. In particular, we analyzed the character-
istics of the isochrones around the earliest activated point in the RV endocardium
since they provide useful information about the SOO [13,14]: if the long axis of

Fig. 4. Isochronal maps obtained from EAMs after 20 ms from earliest activated point
in the RV (top) and corresponding electrophysiological simulations (bottom) in cases
with different SOO. Orange and blue arrows indicate the longitudinal and perpendicu-
lar axis of the isochrones respectively. RVOT: right ventricular outflow tract. LCC and
RCC: left and right coronary cusp, respectively. (Color figure online)

Table 1. Area (mm2) and longitudinal/perpendicular axis ratio of the 10 ms and 20 ms
isochrones obtained from simulations and EAM data from three cases.

Isochrones RVOT origin LCC origin RCC origin

10ms 20ms 10ms 20ms 10ms 20ms

Area Exp 490± 80 990± 140 260± 90 1340± 150 500± 100 2600± 250

Area Sim 160± 30 540± 40 270± 30 880± 50 650± 40 2110± 70

Long/Perp ratio Exp 2.04± 0.7 1.5± 0.3 0.5± 0.14 0.87± 0.13 0.56± 0.14 0.92± 0.1

Long/Perp ratio Sim 1.8± 0.2 1.6± 0.1 0.45± 0.04 0.6± 0.03 0.71± 0.04 0.72± 0.03
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the isochrones is more longitudinal (i.e. follows the apico-basal axis) the SOO
should be in the RVOT (following the fibers in the OT); while LVOT origins
create more isotropic isochrones or with a larger perpendicular axis [13,14].

Simulations were performed in heart geometries from three OTVA patients,
each one with a different SOO according to clinical diagnosis: RVOT; Right Coro-
nary Cusp (RCC) and Left Coronary Cusp (LCC) in the LVOT. The area and
the axis ratio (longitudinal axis/perpendicular axis) of the simulated isochrones
were compared in each case with patient data, as shown in Fig. 4 and Table 1. In
agreement with clinical observations, parameters obtained from simulations con-
firmed that when the ectopic focus was originated in the RVOT the longitudinal
diameter of the isochrones was larger than the cross-fiber one. By contrast, LVOT
origins were associated with a larger perpendicular diameter, making the diame-
ter ratio smaller. Table 1 shows how the obtained ratios of the RVOT isochrones
are bigger than 1 (longer longitudinal axis) whereas the LVOT isochrones had a
ratio smaller than 1. Nevertheless, we found substantial differences in isochronal
areas, that could be caused by the difficulties for measuring them and the effect
of far field in EAM data.

4 Discussion and Conclusions

We have presented a RBM that includes fiber information specific to the RV,
interventricular septum and both OTs of the ventricles, to replicate histological
observations. The proposed model allows running electrophysiological simula-
tions in applications when these regions are important such as in OTVA patients,
which was not possible before. The method has been indirectly validated com-
paring the results of OTVA simulations (using fiber orientation provided by
the proposed RBM) with patient EAM data, showing good agreement. Nev-
ertheless, further studies are required to better determine the accuracy of the
proposed RBM, such as a more quantitative comparison between RBM-derived
fibers and the ones observed in histology. Additionally, OTVA simulations with
RBM-derived fibers and their validation with EAM data need to be performed
on a larger database of cases. It would also be desirable to compare RBM results
with in-vivo cardiac diffusion imaging, which starts to provide very promising
results [15,16]. This would eventually allow to overcome the existing RBM limi-
tations to reproduce patient-specific alterations of the myofiber distribution due
to infarcts or different pathologies. Future work will be devoted to analyze the
impact of the new fiber configurations in mechanical simulations of the heart.
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Abstract. Myocardial stiffness is a useful diagnostic and prognostic bio-
marker, but only accessible through indirect surrogates. Computational
3D cardiac models, through the process of personalization, can estimate
the material parameters of the ventricles, allowing the estimation of
stiffness and potentially improving clinical decisions. The availability of
detailed 3D cardiac imaging data, which are not routinely available for
the conventional cardiologist, is nevertheless required to constrain these
models and extract a unique set of parameters. In this work we propose a
strategy to provide the same ability to identify the material parameters,
but from 2D observations that are obtainable in the clinic (echocardio-
graphy). The solution combines the adaptation of an energy-based cost
function, and the estimation of the out of plane deformation based on
an incompressibility assumption. In-silico results, with an analysis of the
sensitivity to errors in the deformation, fibre orientation, and pressure
data, demonstrate the feasibility of the approach.

Keywords: Cardiac mechanics · Myocardial stiffness · Energy-based
cost function · Parameter estimation · 2D images

1 Introduction

Left ventricular (LV) stiffness has been identified as a useful biomarker in the
diagnosis and monitoring of heart failure (HF) with preserved ejection fraction,
a syndrome which is associated with high morbidity and mortality rates and
poor prognosis [1,2]. The assessment of myocardial stiffness in vivo is a com-
plex task which can be tackled with the use of cardiac biomechanical models. In
these models material stiffness is determined from the choice of parameter values
in the employed material constitutive equations, and therefore the problem of
stiffness estimation is posed as a parameter estimation problem. A major limita-
tion in this approach is the parameter coupling in common material models [3],
resulting in multiple parameter combinations corresponding to equivalent solu-
tions in the optimization. This inability to uniquely constrain parameters limits
the correlation of changes in material parameters to possible changes in patient
pathophysiology. The problem of parameter coupling was recently addressed by
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 357–368, 2017.
DOI: 10.1007/978-3-319-59448-4 34
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a novel energy-based cost function (CF), which was applied to detailed 3D geom-
etry and deformation data available from magnetic resonance imaging (MRI) [4].

However, MRI scanners are expensive and scarce and the reliance of parame-
ter estimation pipelines on the availability of 3D data limits their possible impact
in the large scale. Conversely, planar ultrasound images are ubiquitous in clin-
ical practice. Aiming to translate the recent advances in parameter estimation
from 3D clinical models into the clinic and the constraints of everyday prac-
tice, this paper investigates the possibility to assess myocardial parameters from
2D geometry data, such as would be available from long axis echocardiographic
views of the LV.

2 Materials and Methods

Parameter estimation in this study relies on recent work [4] where a CF was
proposed based on the energy conservation of the myocardium during diastolic
filling. This CF solves the problem of coupling between the scaling and bulk
exponential parameters in material models and was applied on a popular trans-
versely isotropic model proposed by Guccione et al. [5].

To investigate the feasibility of myocardial stiffness estimation, a synthetic
data set was generated in order to provide ground truth (GT) solutions to mater-
ial parameters and knowledge of ‘real’ 3D deformations (Sect. 2.2). The informa-
tion from this model was subsequently modified in order to serve two scenarios.
In the first, geometrical information is available on a 2D plane only, but the
full 3D displacements and displacement gradients of the material points on this
plane are assumed to be known. In the second, only 2D information on LV geom-
etry and deformation is available. To assess the effect of data noise and certain
material modelling assumptions, a sensitivity study was performed highlighting
the robustness of each of the two cases of data availability (Sect. 2.3).

A new version of the energy-based CF [4] is introduced in this study for the
estimation of the exponential parameter, and the different strategies employed
for the CF evaluation depending on the available data set are explained in
Sect. 2.5. In the last paragraph of this section, we complete the parameter estima-
tion by presenting a method to estimate the remaining coupled scaling parameter
(Sect. 2.6).

2.1 Material Model

The myocardium was modelled as a transversely isotropic material [5] with a
strain energy density function (Eqs. (1) and (2)) expressed as a function of a
scaling parameter (C1) and a bulk exponential parameter (α) [6]. The parame-
ters rf ,rt,rft scale the Green-Lagrange strain tensor (E), where E is expressed
in fiber coordinates. The subscripts f ,s,n denote the tensor components in the
fiber, sheet and sheet normal directions. The fiber orientation in the LV myocar-
dial wall was assumed to follow an idealised −60◦/+60◦ distribution from the
epi- to the endo-cardium [7].
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Fig. 1. Passive inflation simulation of a prolate spheroidal finite element (FE) model
of the LV to generate the original pressure - 3D geometry data.

Ψ =
1
2
C1(eQ − 1) (1)

Q = α[rfEff
2 + rft(Efs

2 + Esf
2 + Efn

2 + Enf
2)

+ rt(Ess
2 + Enn

2 + Esn
2 + Ens

2)] (2)

As the main direction of coupling in the Guccione law is along C1 and α,
which scale stiffness along all directions [6], in this study we focus on C1-α
estimation and assume the anisotropy parameters are fixed (see Sect. 2.2 for the
chosen GT values), following a common approach [4,8].

2.2 Ground Truth: 3D in Silico Model

For the generation of the 3D GT data set, from which the synthetic 2D ‘images’
will be derived, the left ventricle (LV) was modelled as a truncated ellipsoid
of revolution of human dimensions. It was passively inflated to 1500 Pa end
diastolic pressure under fully constrained basal displacements to generate the
original pressure - 3D geometry data. The constructed finite element (FE) mesh
consisted of 320 elements (4 circumferential, 4 transmural, 4 longitudinal and 16
in the apical cap) and 9685 nodes. The pressure was applied in 30 increments
of 50 Pa each and basal plane was fixed by prescribing the Dirichlet boundary
conditions directly at the basal nodes of the mesh.

The deformation was found by solving the linearised total potential energy
equations using the CHeart nonlinear mechanics solver [9], using a split u-p for-
mulation outlined in [10]. The initial geometry (X), deformed geometry (x) and
fiber orientation (f , s,n) vector fields were interpolated through cubic-Lagrange
shape functions. To avoid locking phenomena, the ‘hydrostatic pressure’ field
(p) approximation needs to be of a lower order [11], and in this case a Linear-
Lagrange interpolation scheme was used for computational economy (reduction
of stiffness matrix size and use of the already available linear mesh). The meshes
and simulation outputs were visualised with cmGui1.
1 http://www.cmiss.org/cmgui.

http://www.cmiss.org/cmgui
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The Guccione material parameters chosen for the generation of the synthetic
data set were: C1 = 1000Pa, α = 30, rf = 0.55, rft = 0.25 and rt = 0.2 [4]. For
clarifying aspects regarding the severity of errors in the identified parameters
as well as aspects of the sensitivity analysis, two additional 3D GT data sets
were generated (see also last two rows of Table 2), one with C1 = 300, α = 100,
rf = 0.55, rft = 0.25, rt = 0.2 and another with C1 = 1000 Pa, α = 30, rf = 0.85,
rft = 0.1, rt = 0.05 (the remaining aspects of the data set being identical).

2.3 Synthetic Data Sets from in Silico Model and Corresponding
Modelling Approaches

Case 1: Synthetic Data Set of 2D LV Geometry - 3D Deformation.
The first data set that will be examined consists of cavity pressure measurements
and geometry and 3D deformation of a long axis plane of the myocardium across
31 ‘frames’ corresponding to the simulation increments (reference mesh and 30
simulation outputs) of the initial 3D synthetic data set (Sect. 2.2). In this case
the long axis plane was chosen to ‘cut’ the existing 3D mesh into 2 symmetric
halves and coincides with the XZ plane in the undeformed configuration (see
Fig. 2).

Case 2: Synthetic Data Set of 2D LV Geometry - 2D Deformation. The
second case of the synthetic data set consists of the pressure measurements, 2D
geometry and 2D deformation across the 31 ‘frames’ from the original simulation
(Sect. 2.2). The synthetic ‘image’ of the LV is again in the XZ plane as in the
first case. The difference here is that only 2D information of the deformation
field is provided (Eq. 3), which is achieved by projecting the ‘real’ deformation
field into the ‘imaging’ plane (XZ) (see Fig. 2).

The estimation of the energy-based CF in Sect. 2.5 requires the estimation
of the Green-Lagrange strain tensor in the 3D fiber coordinate system (Eq. (2)),

Fig. 2. Synthetic ‘images’ for the 3D simulations (Fig. 1). A. Data set 1 (3D deforma-
tion information): undeformed geometry is the slice in black and deformed geometry
is shown in grey, where a small twist can be observed. B. Data set 2 (2D deformation
information): the ‘real’ deformed geometry (used in data set 1) is shown in grey as in
panel A, and in blue is the geometry resulting from the projection of the ‘real’ deforma-
tion on the XZ plane (this is used in data set 2) - note that the twist is now removed.
The mesh in both panels corresponds to the original 3D undeformed geometry. (Color
figure online)
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which in turn requires the description of deformation in three dimensions. In
the case of the limited, in-plane deformation data this requires an assumption
to be made about the off-plane deformation patterns. For this purpose, two
different approaches were followed. In the first, plane strain is assumed and the
3D displacement and deformation gradient are taken as u3D and F p.s. in Eq. (4).
In the second, the off-plane shear is again assumed to be zero but the term ∂y

∂Y is
estimated from the isovolumic deformation assumption for the myocardium (the
3D description of the displacement is again u3D but the deformation gradient is
now F iso in Eq. (4)).

u2D =
[
ux

uz

]
, F 2D =

[
∂x
∂X

∂x
∂Z

∂z
∂X

∂z
∂Z

]
(3)
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0
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⎤
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0 1 0
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∂X 0 ∂x

∂Z
0 1

det(F 2D) 0
∂z
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⎤
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2.4 Evaluation of Performance

Sensitivity Study. To provide an estimation of the severity of data quality
and model-data discrepancies on the estimated parameter values in 2D, a sensi-
tivity study was performed. For estimating effects of miscalibration in pressure
measurements, synthetic data sets with modified pressure traces (pressure off-
set by ±10% of mean pressure value) were used. To examine the effect of the
imaging data on the accuracy of the analysis two additional data sets were used,
where white Gaussian noise was inserted to the deformation field. Specifically, for
each component of the deformation gradient Fij (i, j = 1, . . . , N , where N = 9
for the 3D deformation data set and N = 4 for the 2D) its mean value (F̄ij)
over the Gauss points (GPs) of the in-plane surface mesh elements was esti-
mated (432 GPs used in total, equivalent to 3 GPs used per element direction).
A normal distribution of random numbers was generated (independently for each
frame and Fij), was weighted by either 1% or 2% of F̄ij and subsequently added
to each GP of the mesh at each frame generating two sets of noisy deformation
data used instead of the 1st and 2nd data sets of Sect. 2.3.

Displacement Errors and Stress-Strain Curves. The insilico tests will
report the estimated parameters (α and C1), together with an analysis of the
impact of the error in these parameters with regard to two aspects: (1) the dif-
ference in the displacements (L2 displacement norm), and (2) the difference in
the stress-strain relationship in a simple fibre-stretch model. Specifically, for-
ward simulations on the original 3D mesh (Sect. 2.2) were performed using the
identified parameters and the resulting L2 displacement norm (|Δu|), comparing
the deformed geometry of the simulation with the identified parameters and the
GT, was estimated [4]. The stress-strain plots refer to an idealised scenario of
stretch along the fiber direction of an incompressible cube with the specified α-
C1 parameters. They show the Cauchy stress along the fiber direction (σf ) minus
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the indeterminate ‘hydrostatic pressure’ p term (see Sect. 2.5), in the absence of
specified boundary conditions, with respect to fiber stretch (λf ) (Fig. 3).

To contextualise this analysis, two additional sets of C1 − α parameters are
selected which lie on the C1 − α principal parameter coupling line at ±20 of the
GT α value (αGT ). This line represents parameter combinations that effectively
reproduce the same deformation in a model. In our analysis the coupling line was
obtained from an exponential fit to the parameter combinations that minimize
the |Δu| residual (following parameter sweeps over C1 and α on the original 3D
simulation, see Sect. 2.2) and agreed well with the proposed coupling direction
by [6] using the mean value of Q (Fig. 3).

2.5 Estimation of the Exponential Parameter α from the
Reformulated Energy-Based CF

This study is based on previous work [4], where unique parameter estimation
was achieved with the use of an energy-based CF that allowed determination of
the α parameter in Eq. (2). This CF was based on energy conservation, dictating
that the work of internal stresses inside the tissue stored as elastic energy (Wint)
and the external work of cavity pressure (Wext) are equal.

Here we re-formulate the energy-based CF based on the principle of virtual
work, which expresses the linearisation of the energy balance with respect to an
arbitrary displacement field δu, called the virtual displacement field. Assuming
quasi-static loading and absence of residual active tension in the diastolic window
of relevance allows the internal (δWint) and external (δWext) components of the
virtual work to be expressed as in Eqs. (5) and (6) respectively. In Eq. (5), Ψ is
given by (1), and p, J and C denote the ‘hydrostatic pressure’, the determinant
of the deformation gradient and the right Cauchy Green tensor respectively.
Equation (6) is based on a pull-back expression of δWext based on Nanson’s
formula [12], where pC , dA, δu, F denote the cavity pressure, infinitesimal
area vector in the material configuration, virtual displacement, and deformation
gradient. The terms ∂Ψ

∂E and DE[δu] are given by Eqs. (7), (8) and (9) [6,12].
The virtual displacement field in these equations can be arbitrary provided that
the boundary conditions of the problem are respected. Here we have employed
a virtual field equal to the measured displacements from the data.

Note that although we refer to p as the tissue ‘hydrostatic pressure’, it is
not equal to 1/3tr(σ) due to the non use of the distortional formulation of Ψ
(Ψ̂), see [12]. The estimation of p from the data is not necessary, as the contri-
bution of the term pJC−1 on the virtual work is zero (see Eq. (10) and [12] for
the derivation), as long as the virtual displacement field employed respects the
incompressibility constraint (so that DJ [δu] = 0). The latter holds in our app-
roach, since the virtual displacements used are equal to the real (incompressible)
ones (see Sect. 2.2).

δWint =
∫

V

(
∂Ψ

∂E
+ pJC−1

)
: DE[δu]dV. (5)
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δWext =
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DE[δu] =
1
2

(
DF [δu]T F + F T DF [δu]

)
(8)

DF [δu] = ∇δuF (9)

pJC−1 : DE[δu] = pJtr (∇δu) = pDJ [δu] (10)

Expressing the principle of virtual work over two diastolic frames 1 and 2, the
modified energy-based CF can then be expressed as in Eq. (11). Since both the
numerator and denominator of the δWint ratio in Eq. (11) contain the parameter
C1, it is evident that it cancels out and thus f allows for the unique estimation
of α. As the α parameter in Eq. (11) lies within eQ only, (the product C1α in ∂Ψ

∂E
cancels out), the use of higher strains increases the nonlinearity of the CF and
therefore its identifiability. For this purpose the two last ‘frames’ of the synthetic
data set (Frames 29 and 30, corresponding to the last two simulation increments
of Sect. 2.2) were chosen as diastolic frames 1 and 2 respectively.

f =
∣∣∣∣δW

1
ext

δW 2
ext

− δW 1
int

δW 2
int

∣∣∣∣ (11)

2.6 Estimation of the Scaling Parameter C1

To complete the parameter estimation, C1 parameter must also be identified. In
[4] following α estimation from the energy-based CF, an additional geometric
CF was used for assessing C1. In this work, an alternative method is applied,
where the principle of virtual work (δWint = δWext) is used for the estimation
of C1 according to Eq. (12). C1

f denotes the assumed C1 value in Eq. (11) for
the estimation of f (C1

f = 1000 Pa). This method was applied to the original 3D
data set, and was able to approximate the GT value (C1 = 989 Pa).

C1sol =
δWext(
δWint

C1
f

) (12)

3 Results

The estimated parameters are reported in Table 1, together with the L2 norm of
error in deformation. The impact of parameter errors in the stress-strain curve
is illustrated in Fig. 3. Note that the choice of other coupled parameters (taking
α =10 or α = 50) lead to a small error in deformation but to a large error in the
strain-stress relationship.
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Table 1. Estimated parameters by the three alternative combinations of data an
assumptions, together with their |Δu| residual. For reference, the residual with two
alternative (‘coupled’) sets of parameters is provided (see also Sect. 2.4 and Fig. 3).

Estimated parameters Coupled parameters

3D F 2D F-pl.str. 2D F-isovol. −20 αGT +20 αGT

α 34 64 31 10 50

C1 690 672 764 4100 50

|Δu| (mm) 0.54 1.57 0.65 0.26 0.33

Fig. 3. A. Impact of parameter errors in the stress-strain relationship by comparison
of the six parameter sets (ground truth, estimated parameters from the 2D analysis
and two coupled sets of parameters - see also Sect. 2.4 and Table 1). Note that the mean
and maximum stretch ratio along the fiber direction (λf ) in the original 3D data set of
Sect. 2.2 is 1.09 and 1.17 respectively. B. The position in parameter space of the ground
truth (marked as square), the identified parameters from 3D and 2D deformation data
(marked as asterisks) and the ‘coupled’ parameters at ±20 αGT (marked as circles)
with respect to the coupled parameter line (See Sect. 2.4).

The cumulative results from the processing of both data sets (availability of
3D deformation vs. 2D deformation) and both analysis strategies (plane strain
vs. isovolumic) are shown in Table 2.
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Table 2. Default and sensitivity analysis results for all data sets (see Sects. 2.2 and
2.4).

Material parameters used in each GT data set: a. C1 = 1000, α = 30, rf = 0.55,
rft = 0.25, rt =0.2. b. C1 = 300, α = 100, rf = 0.55, rft = 0.25, rt =0.2. c. C1 = 1000Pa,
α = 30, rf = 0.85, rft =0.1, rt = 0.05. (see also Sect. 2.2)

4 Discussion

This study provides the initial evidence of the feasibility of the unique material
parameter estimation of a transversely isotropic material model from 2D long
axis images. The proposed strategy uses a CF based on energy conservation
[4] that addresses the problem of parameter coupling in myocardial material
laws [3,6]. In this contribution a modified version of this method based on the
expression of virtual work was employed and extended, not only to cope with
the lack of 3D data, but to also allow the estimation of the complete set of
parameters without the need of mechanical simulations.

Two different types of synthetic long axis data sets were tested against this
framework: one which includes the 3D deformation of the myocardium along the
imaging plane (Case 1) and one where only 2D deformation is available (Case
2). For the second data set two different assumptions regarding the out-of-plane
deformation of the myocardium (plane strain and isovolumetric deformation)
were tested. The results showed that the exponential α parameter was suffi-
ciently identified in the case of 3D deformation data availability, and, in the
absence of out-of-plane deformation, when the incompressibility assumption was
used to approximate part of the unknown deformation gradient terms. In both
these cases the errors were small and not proportional to the α value (compare
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the two GT models: α = 30, C1 = 1000 Pa vs. α = 100, C1 = 300 Pa in Table 2).
Conversely, the plane strain assumption did not perform well. The superior per-
formance of the isovolumic assumption is due to its better approximation of the
‘real’ 3D data deformation field. Specifically, the deformation gradient from the
isovolumic assumption matched better to the original 3D deformation gradient
provided by the first data set, as the shear out-of-plane components (∂y/∂X,
∂y/∂Z, ∂x/∂Y , ∂z/∂Y ) were small (in the order of 10−3–10−2), while the mean
∂y/∂Y component is about 1.10. Therefore assuming (∂y/∂Y ) = 1 according to
the plane strain assumption creates an error of at least an order of magnitude
bigger comparing to the error introduced by neglecting the off-plane shear terms
which occurs in both plane strain and isovolumetric assumptions.

In the recovery of the full set of parameters, errors were larger for estimating
C1, as it is affected by any error in the estimated α paremeter (Eq. (12)). How-
ever, these errors did not lead to large discrepancies in the resulting stresses,
where there was good agreement with the behaviour of the GT α-C1 pair (see
Fig. 3). Moreover, a comparison of the global displacement error |Δu| from for-
ward simulations of the original 3D model (Sect. 2.2) with the identified parame-
ters to simulations with parameter sets that lie on the ‘principal’ coupling line
[6] demonstrates the good performance of the identified parameters in terms of
deformation prediction (Table 1). On the contrary, not addressing the parameter
coupling problem can lead to an error in the predicted developing stresses within
the range of cardiac deformation (Fig. 3) [4].

The sensitivity analysis showed that the biggest source of error in parame-
ters was the noise in the deformation field, which is an anticipated result given
the exponential nature of the material law and the formulation of the proposed
CF (Eq. (11)) with the additional term E: DE [δu] compared to the previously
proposed energy based CF [4]. However, this result does not discredit the pro-
posed methodology, as the type of white Gaussian noise is unrealistic (it is com-
mon practice that image derived deformation data are regularised [13]) and was
used only in lack of a more suitable approach to model real image registration
noise. The effect of pressure offsets in the data, altered fiber field and prescribed
anisotropy parameter ratios in the model on the estimated α values was small
and comparable to the 3D data analysis results [4], although a higher sensitivity
to the fiber field in the case of a highly anisotropic myocardium should be noted
(last row of Table 2).

In this work we have examined the feasibility of parameter estimation from
2D imaging data in a synthetic data set, where the use of a perfect symmetric
long axis plane promote a good performance of our proposed parameter esti-
mation strategies. However, the benefit of symmetry is lost in real data and
additional information may be required for estimating parameters from clini-
cal images. Moreover, the good performance of the analysis with the isovolu-
mic assumption may not hold when processing real cardiac images, as a higher
amount of out-of-plane shear components (such as torsion) is expected and also
the assumption of incompressibility can be challenged due to the changes in
myocardial volume caused by perfusion.
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Further work is required to investigate the possibility of reducing parame-
ter errors (especially in the C1 material parameter) and the feasibility of this
approach with clinical data, addressing the challenges in modelling real cardiac
data [4,6,8], and to define the optimal strategy combining data acquisition and
model analysis.

5 Conclusions

This study provides preliminary in-silico evidence of the feasibility to provide a
unique parameter estimation with tolerable errors from a partial 2D observation
of the 3D anatomy.
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Abstract. Aim of the project is the analysis of contrast agent dispersion
in bolus-based quantitative myocardial perfusion MRI measurements.
3D-models are extracted from high-resolution cardiovascular cryomicro-
tome imaging data and subsequently meshed with computational grids.
Computational fluid dynamics simulations are performed to solve Navier-
Stokes equations for blood flow and the advection-diffusion equation for
contrast agent transport to obtain bolus dispersion in epicardial vessels,
i.e. bolus duration is increased which results in a systematic underesti-
mation of myocardial blood flow. The dispersion of the injected bolus
is observed at different positions along the passage through the cardio-
vascular vessel geometry and is quantified by means of the variance and
transit times of the vascular transport function. We find multi-faceted
influences on bolus shape from length of traversed vessels to bifurcation
angles and vessel curvature. Therefore, depending on the exact anatom-
ical region systematic errors of blood flow measurements are prone to
spatial variance.

Keywords: Computational fluid dynamics · Myocardial blood flow ·
Contrast agent dispersion

1 Introduction

In dynamic contrast-enhanced magnetic resonance perfusion imaging the amount
of intravenously injected contrast agent (CA) in tissue at different times is moni-
tored and analyzed. Using appropriate physiologic models, myocardial blood flow
(MBF) can be quantified on the basis of these CA concentration time curves. To
enable this, knowledge of the shape of CA wash-in through upstream epicardial
vessels is required, the arterial input function (AIF). For technical reasons this
cannot be quantified directly in the supplying vessels and is thus measured in
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 369–380, 2017.
DOI: 10.1007/978-3-319-59448-4 35
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the left ventricle (LV), which introduces the risk of systematic errors in MBF
quantification due to bolus dispersion in coronary vessels.

The influence of epicardial vessels on CA bolus dispersion and resulting sys-
tematic errors in MBF have been investigated in several studies [1–5] using
computational fluid dynamics (CFD) simulations. These analyses show system-
atic underestimation of MBF values due to various parameters (e.g. flow velocity,
length, curvature). Furthermore, they suggest decreasing influence of smaller ves-
sels on dispersion and prompt the existence of a limiting vessel generation, after
which influence of smaller vessels vanishes. We expect this to happen around
vessel generation nine or ten (vessel radii ∼ 0.1mm).

Aim of this project is the conduction of CFD simulations on coronary 3D-
geometries including arteries down to vessel generations six and seven. With the
help of these simulations we target a more accurate estimation of errors in MBF
quantification, the overall aim of the project. Moreover, a better understanding
of myocardial perfusion in general is expected from the findings of this work.

2 Materials and Methods

2.1 Imaging Data and Computing Facilities

The analysis is based on an imaging data set of a healthy ex vivo porcine heart at
a resolution of 160µm, generated by an imaging cryomicrotome at Amsterdam
Medical Center [6,7].

The simulations presented in this work are performed at a local server on one
graphical processing unit (NVIDIA Tesla K80) as well as the high performance
computing cluster elwetritsch at University Kaiserslautern, parallelized on 128
processors. The simulation of blood flow and CA transport (cf. Sect. 2.3) took
up to two weeks per computed model.

2.2 Model Creation and Meshing

With the help of dedicated software packages (VMTK1, SimVascular2), 3D-
models of epicardial vessels are extracted from a high resolution imaging data
set (cf. Sect. 2.1). For a systematic study of CA bolus dispersion dependence
on vessel generation, two models with varying level of detail have been created
(cf. Fig. 1).

Subsequently, in a semi-automatic procedure these geometries are meshed
with computational grids of preferentially hexahedral type, which has been
shown to reduce numerical diffusion errors in CFD, [8]. The two models in Fig. 1
are meshed with different hexahedral meshing formalisms. For Fig. 1(a) software
cfMesh3 by creativeFields is used, while the larger model Fig. 1(b) is meshed

1 www.vmtk.org
2 www.simvascular.org
3 cfmesh.com, open source meshing library for OpenFOAM.

www.vmtk.org
www.simvascular.org
http://cfmesh.com
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Fig. 1. Models to study vessel dependence of CA bolus dispersion, starting at first
diagonal artery (vessel generation 3) branching off from LAD (inlet diameter ∼ 2mm).
Model (a) includes generations 3–5 and (b) generations 3–7.

with ICEM-CFD4 by ANSYS Inc. These packages differ in the way that cfMesh
allows more automatization and thus faster meshing with mainly hexahedral
cells (< 1% of non-hexahedral type), which are not aligned with predominant
flow direction. This meshing process took ∼ 10min and only requires manual
naming of individual parts beforehand. Meshing with ICEM-CFD as applied in
model Fig. 1(b) allows orientation of the hexahedral grid with the expected flow
direction, but requires much more user intervention before a computational grid
of sufficient quality can be created. Depending on the model’s complexity this
can take days to weeks. Prior to these simulations an analysis comparing the two
utilized mesh-types has been undertaken on an idealized geometry (analogous
to [9]) and shows good agreement.

2.3 Governing Equations and Implementation in CFD Simulations

Following this, CFD simulations are performed in two steps with software Open-
FOAM5 and RapidCFD6. First Navier-Stokes equations for blood flow

ρ

(
∂v
∂t

+ v · ∇v
)

= −∇p + μΔv + b, (1)

are solved for one cardiac cycle and resulting velocity and pressure fields are
stored as interim results. Here ρ,v, p and μ denote physical density, velocity,
pressure and viscosity of the fluid, respectively. b stands for body forces. At
the model inlet the pressure-time curve depicted in Fig. 2 has been applied. It
is taken from [3] and scaled by 50% according to [10] to account for pressure
decrease between the LAD in [3] and the smaller diagonal artery in this work.

The boundary condition at the outlets is a resistance model computed accord-
ing to the so-called structured tree [11,12]. The considered number of vessels in
the structured tree is calculated following [13] down to a minimal radius of 50µm
at arteriolar level. Combined with the outflowing blood volumes these resistances
4 Proprietary meshing software package usable in OpenFOAM.
5 www.openfoam.org
6 https://github.com/Atizar/RapidCFD-dev, OpenFOAM fork for execution on GPU.

www.openfoam.org
https://github.com/Atizar/RapidCFD-dev
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Fig. 2. Applied inlet pressure time curve from [3] scaled by 50%.

provide outlet pressures needed for the solution of the Navier-Stokes-equations.
Application of realistic in vivo blood pressure profiles at the model inlet would
require inclusion of the complete epicardial vasculature with capillary arterioles,
venoles and veins and is not practicable in this study. However, since the solu-
tions of the Navier-Stokes equations only depend on the difference between the
applied inlet pressure and the correspondingly computed outlet pressures, the
physiologically unrealistic pressure range in Fig. 2 can be ignored. At the vessel
walls, which are modelled rigid and inelastic, a “no-slip” condition is applied.

For the subsequent computation of CA transport the stored physical fields of
one cardiac cycle are repeatedly read in to solve the advection-diffusion equation

ρ
∂c

∂t
+ v · ∇ − DΔc = 0, (2)

over several cardiac cycles, where c and D represent CA concentration and dif-
fusion coefficient, respectively. As inlet boundary condition a gamma-variate
function is used [14,15] YCA(t) = a(t − t0)be−c(t−t0), with a = 1.013 · 10−4, b =
2.142, c = 0.454s−1. The diffusion coefficient was set as D = 2.98 · 10−10m2s−1

for Gd-DOTA [16]. The concentration time curves obtained at the model outlets
then represent the real dispersed AIFdisp(t) in the region-of-interest to be used
for MBF quantification by use of an adequate perfusion model.

2.4 Analysis and Quantification of CA Bolus Dispersion

According to [5] in a linear system that fulfils conservation of mass the obtained
dispersed AIFs at the model outlets are related to the AIF in the LV via the
convolution

AIFdisp(t − t0) = AIFLV(t) ⊗ V TF (t − t0), (3)

where VTF denotes the vascular transport function, which includes dispersion
effects, AIFLV the measured signal in the LV and AIFdisp as above the dispersed
AIF at the considered outlet. As a measure for bolus dispersion mean vascular



Analysis of Coronary Contrast Agent Transport 373

transit times (MV TT ) and VTF’s variance σ2 can be calculated without decon-
volution of (3) by using 0th, 1st and 2nd moments of the AIFs as outlined in
(4) and (5).

MV TT =
AIF

(1)
disp

AIF
(0)
disp

− AIF
(1)
LV

AIF
(0)
LV

, (4)

σ2 =
AIF

(2)
disp

AIF
(0)
disp

− AIF
(2)
LV

AIF
(0)
LV

+

(
AIF

(1)
LV

AIF
(0)
LV

)2

−
(

AIF
(1)
disp

AIF
(0)
disp

)2

, (5)

where the integral momentum f (i) =
∫ ∞
0

tif(t)dt is approximated by a Riemann-
sum over all N computed time-steps tk with distance Δt

f (i) =
N∑

k=0

(tk)if(tk)Δt. (6)

According to the central volume theorem of indicator-dilution theory for infi-
nitely short bolus lengths under conditions of a well-mixed single compartment
distribution of the CA [17], tissue blood flow TBF is given by the ratio of tissue
blood volume TBV and mean transit time MTT of CA within the tissue volume
under consideration

TBF =
TBV

MTT
=

TBV∫ ∞

0

R(t)dt

, (7)

where R(t) denotes the residue function, which describes the proportion of CA
remaining in the tissue volume at time t, following injection of a true, i.e. a
δ-shaped CA bolus. R(t) only depends on the structure of the vascular bed and
is related to the time-dependent concentration of CA in tissue by Rmeasured =
R ⊗ AIF . MTT can be considered a function of σ2, as defined above and thus
proves highly relevant in the evaluation of vascular dispersion effects.

Comparison of MBF values calculated conventionally using the undispersed
AIFLV(t) show substantial MBF underestimation up to ∼ 40% when dispersion
is neglected [2,3].

3 Results

Figure 3(a) shows the computed results for CA bolus dispersion for all 12 outlets
of the small model shown in Fig. 1 in comparison to the AIF applied at the inlet.
Figure 3(b) shows the obtained values for variance σ2 as a function of MVTT,
calculated as described in [5] for both considered models (Fig. 1). The values
of MVTT and σ2 ranged between 0.34 − 0.97s (mean value (0.63 ± 0.20)s) and
0.07 − 1.12s2 (mean value (0.52 ± 0.34)s2) respectively in the small model and
between 0.39 − 1.63s (mean value (0.83 ± 0.27)s) and 0.03 − 1.81s2 (mean value
(0.56±0.49)s2) respectively in the large model. The obtained results for AIFdisp

at the model outlets as well as the computed variances and MVTT show reduced
dispersion effects on CA bolus disperson than what is observed in [3,5] alike.
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Fig. 3. Results for dispersion, MVTT and σ2. (a) shows AIFdisp at all outlets of model
Fig. 1(a), with the applied inlet concentration time curve AIFLV (black). (b) depicts σ2

as a function of MVTT for both models. The results at the outlets of model Fig. 1(a)
are shown in red, with a linear fit (red line, standard errors for slope and intercept:
±0.28, ±0.19, resp.). Analogously the results for model Fig. 1(b) are depicted in yellow
(standard errors ±0.15, ±0.13). Error margins of the graphs overlap, however, they
do not yield information on vessel generation dependence of dispersion. (Color figure
online)

The data presented in Fig. 3 give information about the shape of the AIF at
the different model outlets and their respective σ2 and MVTT. However, a clear
understanding of the influence of different vessel segments and generations on CA
bolus dispersion remains unclear. Figure 4(a) shows locations in model Fig. 1(b)
between inlet and exemplary outlets, where additional information about CA
concentration time curves are extracted. These allow for the analysis of variance
σ2 and MVTT of VTF depending on the distance from the model inlet as a
measure for CA bolus dispersion in the epicardial vessels.

Figure 4(b) and (c) show the dependence of MVTT and variance at dis-
crete positions in the pathway of the CA bolus to the outlets marked by arrows
in Fig. 4(a). The different branches individually show very different behavior.
Branch 8, the most unidirectional branch of the analysed bifurcations in the
model, roughly shows the expected saturation effects in bolus broadening with
increasing vessel generation until the CA bolus reaches the region marked in
blue in Fig. 4. Depending on bifurcation angles and vessel curvature the other
branches show both dispersion as well as narrowing effects alike. In particular,
results obtained in branches 2, 6 and 7 show that CA bolus broadening can
be reduced until no additional dispersion actually remains at the distal ends.
Branch 1, 2, 3, 4 and 5 show bolus dispersion effects just behind the bifurca-
tion with 2, 3 and 4 with strongly reduced dispersion later in the pathway. The
remaining branches 6 and 7 differ in their behaviour, overall reducing obtained
bolus dispersion.

To further investigate the behaviour of CA bolus dispersion in the vessels
branching off from the central vessel, Fig. 5 shows CA flow through a model
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Fig. 4. Position of cross sectional planes and analysis of MVTT and σ2) dependence on
distance from model inlet. The vessel branches numbered in (a) are analyzed in more
detail. (b) and (c) show the evolution of MVTT and σ2 in the course of the numbered
branches at discrete positions (red cross sections marked in (a)). The straight lines
connecting the values solely serve to enhance visual presentation and do not hold any
physical meaning. Close to the inlet both quantities increase. Travelling further along
the considered vessels the behaviour varies strongly comprising dispersion as well as
narrowing effects. Until the region marked in blue in the middle of the vascular model
both quantities describe the expected monotonously increasing behavior. (Color figure
online)

segment including branches 2 and 3 at different points in time. These two ves-
sels branch off in different angles from the central branch 8, both draw bends
of different curvature downstream and themselves branch into further smaller
vessels. Branch 2 with a steeper bifurcation angle shows more dispersion than
branch 3 in the first segment, however, also more dispersion reduction afterwards
in its more pronounced bend.

Figure 6 shows velocity streamlines in the two branches analyzed in detail in
Fig. 5. The two images allow for a more vivid picture of how CA is transported by
convection from the main branch through bifurcations into downstream vessels.
Streamlines indicate that depending on their orientation daughter vessels are
“fed” by different cross sectional areals of the mother vessel. Accordingly the
varying distribution of CA in the main branch will have an impact on observed
dispersion in branching vessels.
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Fig. 5. CA flow through model segment and corresponding MVTT and σ2. (a,b,c) show
CA flow of a shortened bolus (for better visualization) at different points in time. In
(d) MVTT and σ2 in branches 2 and 3 are plotted depending on the travelled distance.
As can be seen in a,b,c) the CA bolus takes long to completely pass region 1, resulting
in increased MVTT and σ2 (cf. (d)). While in (a) and (b) most CA passing region 1
enters region 2 (yellow arrow), in (c) CA mostly flows into the steep bifurcation to the
side (blue arrow), thus reducing MVTT and σ2 in region 2 (cf. (d)). Similar but more
pronounced behaviour is observed in branch 3, with a bifurcation angle of nearly 90◦.
(Color figure online)

4 Discussion

The computed AIFdisp depicted in Fig. 3(a) and the corresponding values for
MVTT and σ2 suggest reduced influence of increasingly smaller vessels on CA
dispersion in coronary arteries as compared to previous studies [1–5,9,14]. Both
vascular models show a similar correlation between MVTT and VTF’s variance.
However, only considering CA concentration time curves at the model outlets
does not yield specific information about the influence of vessels of different gen-
erations and their length on CA bolus dispersion. This requires a more detailed
analysis with regard to the covered distance within the considered vessel sections.

The calculated results for variance σ2 and MVTT along the different branches
marked in Fig. 4(a) vary strongly from one another. Effects both leading to
increasing dispersion (broadening of the VTF, i.e. increase of σ2) as well as
reducing dispersion (i.e. decrease of σ2) are observed together with distinct fluc-
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Fig. 6. Streamlines in branches 2 and 3 at 0.65s of one cardiac cycle (cf. Fig. 2), same
timestep as Fig. 5(a). (a) Seed of the plotted streamlines is a horizontal 2D line source
in the image plane ahead of the two branches at the upper end of the depicted model
section. The sector encircled in black is represented enlarged in (b). The velocity scale
(units ms−1) in (a) applies for both graphics. (b) The 2D line source used as seed is
indicated in blue. The two branches and subsequent daughter vessels are “fed” from
different cross sectional areals of the main branch. CA flow and velocities in the main
branch thus strongly influence CA concentration time curves in branching vessels.
(Color figure online)

tuations in MVTT (cf. Fig. 4). The only branch showing the expected reduced
influence of increasingly smaller vessels on CA dispersion in coronary arteries is
the central (most unidirectional) branch 8 of the model. However, this branch
also underlies fluctuations in MVTT and σ2.

The observation of an apparently reduced dispersion in the curved bifurcating
vessels is in fact a consequence of the inhomogeneous distribution of CA across
the branching vessel. In earlier studies similar observations are made in curved
vessels, where CA distribution is also severely inhomogeneous across the vessel
lumen, and where the variance increased in and behind the stenosis [1,9,18].
After a few millimeters behind the stenosis the variance fell significantly but
towards a value higher than before the stenosis. In analogy to those observations
we see a transitional increase of the variance before it returns to a lower value.

The exact amount and temporal variation of CA which enters the branching
vessel depends on a number of different factors. First, CA is transported by con-
vective flow as suggested by the streamlines in Fig. 6. The amount of CA entering
the branching vessel depends strongly on the (inhomogeneous) CA distribution
within the main vessel, and the exact position of the ostium of the branching
vessel. Moreover, diffusion of the contrast agent modifies this transport.

Strictly speaking, the concept of defining a mean vascular transit time in
Eq. (3) may not be completely adequate: a general assumption of indicator dilu-
tion theory is that the intraluminal vessel space is a well-mixed single compart-
ment. This assumption is not fulfilled because of the inhomogeneity of CA across
the vessel lumen. Therefore, quantification of MBF on the basis of Eq. 7 is not
feasible. Conservation of mass is only given if there is no other sink between the
inlet and the vessel positions investigated. As the CA travels along the vessels,
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this requirement is increasingly not fulfilled. In our study the mean vascular
transit time is therefore considered a parameter to easily calculate the variance
of the bolus, but it is not supposed to reflect the true mean transit. It is mainly
a parameter for simple analysis with a yet to be determined error.

Furthermore, the vascular system in question needs to be a linear system as
defined in [19], where system input and output are linearly related with regard
to the amount of CA injected at the main vessel inlet. It still needs to be assessed
if the assumption of a linear system is fulfilled in the presented work. Deviations
from this hypothesis may be present because of the non-negligible concentration
dependent diffusion effects of the CA resulting in appearingly unphysical findings
of reduced MVTT and σ2 with increasing vessel generation.

However, the evolution of both quantities in the main branch of the con-
sidered model until CA reaches the region marked by the blue line in Fig. 4(a)
shows the expected monotonous increase. This suggests that in the upstream
region before branch 4 the above conditions for a linear system are satisfied at
least in a first approximation. Behind this point distinct stenoses in the main
vessel can be identified just after branch 4 and 5, and furthermore branch 8 itself
becomes smaller and also underlies more curvature. In addition, more CA leaves
the main branch at bifurcations and as a result the requirements for a linear
system may not hold perfectly.

Verification of these results with the help of an alternative and more generally
valid definition of MVTT and σ2 as a measure for dispersion is still necessary.
Nevertheless, the observations made in this work underline the complexity of
CA transport and diffusion due to vessel curvature, tapering and branching.

5 Conclusion

Surprisingly, the obtained CA bolus dispersion results do not reinforce the
hypothesis of asymptotically decreasing bolus dispersion effects in higher vessel
generation models. On the contrary, bifurcations and orientation of branching
vessels even lead to reduced dispersion of the CA bolus in some vessel branches,
which will eventually result in a heterogeneous reduction of errors in subsequent
MBF quantification. Due to the complex interplay of these different influences,
in certain anatomical regions systematic underestimation in MBF quantifica-
tion caused by bolus dispersion effects might after all not be as pronounced as
expected.

The presented results put the assumption of the considered vascular model
to be a linear system in doubt. They show that a generally valid AIF must be
replaced with a localized input function for every branching vessel. According
to the explanations above, the used formulae should hold in vessel segments
between bifurcations, which will be analyzed in the next step. However, the
influence of diffusion effects on their validity also remains questionable.

To better understand and investigate the complex impact of ever smaller ves-
sels originating from their tapering, curvature and branching as well as down-
stream alignment of daughter vessels on CA bolus dispersion, an exhaustive
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investigation is currently being prepared on a model including vessel genera-
tions nine to ten. The ratio of vessel segment volume to volume flow through
vessel segments without bifurcations represents an interesting indicator to fur-
ther enhance the analysis of bolus dispersion effects performed in this study.
Most importantly, an alternative indicator other than MVTT to analyze and
assess dispersion and transit times in cardiovascular models with one inlet and
several outlets is currently sought after and will be used for verification of the
findings described above.

The presented work represents a methodical approach to better understand
and analyze transport processes in the coronary vasculature and their effects on
CA dispersion and later MBF quantification. An exhaustive study on patient
and animal data to verify and statistically substantiate the described findings is
still necessary and envisaged.
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Abstract. Metrics of regional myocardial function can detect the onset
of cardiovascular disease, evaluate the response to therapy, and provide
mechanistic insight into cardiac dysfunction. Knowledge of local myocar-
dial microstructure is necessary to distinguish between isotropic and
anisotropic contributions of local deformation and to quantify myofiber
kinematics, a microstructurally anchored measure of cardiac function.
Using a computational model we combine in vivo cardiac displacement
and diffusion tensor data to evaluate pointwise the deformation gradi-
ent tensor and isotropic and anisotropic deformation invariants. In dis-
cussing the imaging methods and the model construction, we identify
potential improvements to increase measurement accuracy. We conclude
by demonstrating the applicability of our method to compute myofiber
strain in five healthy volunteers.

Keywords: Cardiac kinematics · Diffusion tensor imaging · Cardiac
deformation invariants · Myofiber strain

1 Introduction

Heart disease, including myocardial infarction (MI) and hypertrophic cardiomy-
opathy (HCM), heterogeneously impacts left ventricular (LV) structure and func-
tion. Global metrics of myocardial function, such as ejection fraction (EF), how-
ever, may be preserved despite the presence of disease, and this masks regional
functional deficits that portend a poor clinical outcome.

Displacement ENcoding with Stimulated Echoes (DENSE) magnetic res-
onance imaging (MRI) encodes time-resolved Eulerian cardiac displacements
directly into the MRI signal phase [1,20]. The displacement field derived from
DENSE MRI can be used to calculate several regional measures of cardiac func-
tion, including radial (Err) and circumferential (Ecc) strain. Deformation-based
biomarkers show clinical promise and regional sensitivity for the diagnosis of, for
example, ischemic cardiac pathologies (e.g., MI) and inherited cardiac patholo-
gies (e.g., HCM and Duchenne muscular dystrophy).
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Aletras et al. [2] employed DENSE to identify depressed systolic Ecc in
regions of Late Gadolinium Enhanced (LGE) defined focal and diffuse fibro-
sis in HCM, as well as in hypertrophic regions for which LGE MRI findings were
negative. The authors speculate that functional deficits absent positive findings
of fibrosis may be explained by microstructural remodeling of myofiber geome-
try. In fact, considerable attention has been given to the link between MRI based
strain measures and local microstructure, e.g., the work of Tseng et al. [15] or
the recent work of Wang et al. [17] where in vivo displacement data and ex vivo
cardiac Diffusion Tensor Imaging (cDTI) data were combined to study myofiber
strains and reorientation.

Recent advances in cDTI [3,14] enable in vivo measurements of local myofiber
orientation and microstructural rearrangement during the cardiac cycle [9]. Com-
bining cDTI with DENSE displacement data permits computing microstruc-
turally anchored myofiber deformation to characterize myocyte performance in
vivo. Here, in agreement with the current literature, we use the term myofiber
orientation and deformation. However, we emphasize that we compute the aver-
aged myofiber deformation since the acquired in vivo cDTI data provide averaged
(or preferential) myofiber orientation within a voxel, not single cardiomyocyte
orientation.

Building on these recent advances in cDTI and DENSE imaging techniques,
our objectives were to: (1) Construct a computational framework to evaluate
in vivo myofiber (anisotropic) and extracellular matrix (isotropic) deformation
metrics based on single-slice DENSE and cDTI data; (2) Evaluate sources of
error in our modeling framework using an analytic computational deforming
phantom (CDP) of cardiac motion that provides ground truth kinematics; (3)
Demonstrate the applicability of our framework in healthy volunteers (N = 5)
and compute in vivo myofiber and matrix deformation.

2 Methods

A long term goal is to apply our framework in a clinical setting under the con-
straint of limited acquisition time. Therefore, we base our computational frame-
work on single-slice DENSE and cDTI data. Validation of our computational
framework and evaluation of the error involved with our assumptions requires
the knowledge of a ground truth, which is provided here by a cardiac CDP
(Sect. 2.3).

2.1 Single-Slice Model Construction with cDTI and DENSE

The epicardial and endocardial borders of the LV myocardium at each cardiac
phase were defined using cubic spline interpolation and a motion guided seg-
mentation algorithm [13] (Fig. 1A). The region between the borders defining the
first cardiac phase recorded in the DENSE sequence after the QRS trigger was
meshed with linear triangular finite elements (FE) (Fig. 1E).
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Using an open-source post-processing tool [12], myocardial (3D) Lagrangian
displacements ui (Fig. 1C) at each cardiac phase were computed by unwrapping
the displacement encoded phase data. Subsequently, the myocardial displace-
ments ui computed at the center of each image voxel were linearly interpolated
to the nodes of the FE mesh (Fig. 1E). Here and in the following i = 1, 2, and
3 represents, respectively, the component along the X1, X2, and X3 coordinate
and we assume, without loss of generality, that the single-slice is initially in the
X1 − X2 plane and the LV long-axis is coaxial with X3.

All cDTI images were registered to DENSE using a rigid translation and rota-
tion in the X1 −X2 plane, followed by a non-rigid transformation step. Rotation
and rigid translation were determined by matching the two RV insertion points
in the cDTI and DENSE images. Subsequently the cDTI magnitude images were
segmented using cubic splines as was previously done for the DENSE magnitude
images. The cubic spline DENSE and cDTI segmentations were then transformed
into binary masks and registered using the b-spline based registration algorithm
outlined in [11]. The computed non-rigid registration did not include a rotation
component, as the proper rotation was already taken into account by matching
the RV insertion points. The same rigid translation and rotation, and non-rigid
registration based on the magnitude images were applied to all cDTI images
encoding different diffusion directions (Fig. 1B).

cDTI acquired diffusion tensors were interpolated using linear invariant inter-
polation [6] to the location of the FE quadrature points where the deformation
invariants were computed (Fig. 1D). At these locations, the myofiber preferential
orientation was computed as the principal eigenvector f of the interpolated dif-
fusion tensors. Finally, f was rotated around X3 using the previously computed
rigid rotation to account for the change in LV orientation between cDTI and
DENSE images.

2.2 Calculation of the Deformation Gradient and Invariants

The deformation gradient tensor F was computed using FE interpolation func-
tions and the displacements ui calculated from DENSE at each FE node with ini-
tial position Xi. In the reference configuration corresponding to the first DENSE
image, we assume that all nodes have the same X3. For displacements acquired
only within a single short-axis slice, we cannot directly compute the third column
of the deformation gradient ∂ϕi/∂X3, where ϕi = Xi + ui. In order to evaluate
F using only single-slice data, we make the following two assumptions: (1) the
myocardium is incompressible, i.e., detF = 1; and (2) intra-slice torsion is very
small, therefore u1 and u2 are not a function of X3. Consequently, we evaluate
F as:

F =

⎡
⎣

∂ϕ1/∂X1 ∂ϕ1/∂X2 0
∂ϕ2/∂X1 ∂ϕ2/∂X2 0
∂ϕ3/∂X1 ∂ϕ3/∂X2 1/(F11F22 − F21F12)

⎤
⎦

Subsequently, we compute the right Cauchy-Green deformation tensor C = F�F
and a selection of its isotropic (I1, R1, R2, R3) and anisotropic invariants
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Fig. 1. (A) LV short-axis single-slice (B) including myofiber preferential orientations
(principal eigenvectors) from cDTI and (C) Lagrangian displacement vectors from
beginning to end systole. (D) Interpolated myofiber preferential orientations at FE
quadrature points after cDTI-DENSE registration and (E) FE-based mesh deforma-
tion through systole driven by the DENSE measured displacement field.

(I4, I5) to characterize, respectively, extracellular matrix and myofiber kine-
matics. In particular: I1 = tr(C), R1 =

√
C : C, R2 =

√
3/2

√
C̄ : C̄/R1

where C̄ = C − 1/3 tr(C)I, R3 = 3
√

6 det(C̄/
√

C̄ : C̄), I4 = tr (C(f ⊗ f)), and
I5 = tr

(
C2(f ⊗ f)

)
. Further details on the construction of these sets of invari-

ants are discussed in [4,7]. One of the simplest choices to characterize myocardial
deformation consists of adopting I1 (isotropic) and I4 (anisotropic) invariants,
which measure, respectively, the sum of the squares of the principal stretches and
the the square of the myofiber stretch. Additionally, I4 is related to the Green-
Lagrange myofiber strain Eff through Eff = 0.5 · (I4 −1) while the more common
circumferential strain Ecc is computed by projecting E in the circumferential
direction c, i.e., Ecc = 0.5 · (tr (C(c ⊗ c)) − 1)

2.3 Computational Deforming Phantom

In order to evaluate the model’s accuracy for computing myocardial deforma-
tion, we constructed a 3D Computational Deforming Phantom (CDP) in which
ground truth strain values were known by construction. The motion of the CDP
and the corresponding exact deformation gradient tensor are determined analyt-
ically by the functions described in Appendix B of [8]. Importantly, the analytic
mapping presented in [8] allows decoupling the slice displacements into in-plane
deformation and intra-slice torsion. Using the 3D CDP, we evaluated the effect
of computing the invariants of C from a single short-axis slice of data and our
model (see Sec. 2.2) using the following tests:

Test 1 Effect of using a single slice model in absence of intra-slice torsion. We
evaluate the effect of analyzing 3D CDP motion using only single slice
data.
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Test 2 Effect of FE interpolation and including intra-slice torsion. Based on the
analytical functions in [8] and including intra-slice torsion, we assigned
the exact displacements to the nodes of a regular grid as it would be
sampled by the DENSE experiment. Subsequently, we interpolated the
displacements to the nodes of our FE mesh.

Test 3 Effect of pipeline processing. We computed the Eulerian displacements at
a fixed short-axis slice location in the CDP. Based on the Eulerian dis-
placement components and a chosen encoding strength ke, we assigned
a phase value to the center of each image voxel (uniform 2× 2mm grid).
These constructed DENSE phase images corresponding to the motion of
the CDP were subsequently processed identically to in vivo images. The
computed displacements were interpolated to the nodes of the FE mesh.
This test reproduced the entire pipeline from DENSE image processing
to the calculation of deformation invariants, including image segmenta-
tion and displacement interpolation from Eulerian to Lagrangian in the
DENSE processing toolbox.

We report the mean (μ) and standard deviation (σ) for the analytically (μan,
σan) and numerically (μnum, σnum) computed invariants, together with the
percent error of the means ( (µan−µnum)·100

µan
) and the pointwise percent error

( (Ian
i −Inum

i )·100
Ian
i

), where Ii (or Ri) represents one of the computed invariants.
We included myofiber preferential orientation data in the CDP in order to com-
pare computed and analytic myofiber stretch. The modeled myofiber helix angle
varies linearly from 39.5◦ (endocardial) to −53.5◦ (epicardial) as measured in [5].

2.4 In Vivo Image Acquisition

Using an IRB approved protocol, a single mid-ventricular short-axis slice was
acquired in healthy volunteers (N = 5) using DENSE and cDTI at 3T (Prisma,
Siemens) after obtaining informed consent. All imaging used navigator triggered
free breathing. DENSE: balanced 4-point encoding, 2.5× 2.5× 8 mm, TE/TR =
1.04/15 ms, ke=0.06 cycles/mm, Navg = 3, spiral interleaves=10, Tscan=5 min.
CODE [3] cDTI: 2 × 2 × 5 mm, TE/TR= 74/4000 ms, b-value=0,350s/mm2,
Navg = 10, Ndir = 12, Tscan = 4 min.

3 Results

We first evaluated our modeling framework using the tests listed in Sect. 2.3 and
subsequently demonstrated its application in healthy volunteers.

3.1 Model Evaluation: From 3D Motion to a 2D Short-Axis Slice

Table 1 compares the deformation invariants computed analytically and numer-
ically when intra-slice torsion is set to zero in the CDP and exact displacements
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Table 1. Exact (analytical) and computed (numerical) deformation invariants at peak
systole neglecting intra-slice torsion (Test 1).

I1 R1 R2 R3 I4 I5

μan ± σan 3.46 ± 0.05 2.27 ± 0.06 0.58 ± 0.02 0.84 ± 0.11 0.79 ± 0.05 1.31 ± 0.12

μnum ± σnum 3.46 ± 0.05 2.27 ± 0.05 0.58 ± 0.02 0.84 ± 0.12 0.79 ± 0.05 1.31 ± 0.12

% error 2·10−3 0.01 0.03 0.13 −0.01 −0.02

are applied to the nodes of the FE mesh without interpolating from a regu-
lar grid (Test 1). The mean percent error between analytically and numerically
computed invariants is small (< 1%).

Subsequently, we compared the analytical and numerical deformation invari-
ants including: (1) intra-slice torsion; and (2) interpolation of the displace-
ment field from a uniform grid to the FE nodes (Test 2). The mean percent
errors between analytically and numerically computed invariants remain small
(Table 2), but the pointwise comparison (Fig. 2) highlights regions of larger dis-
crepancies.

Table 2. Exact (analytical) and computed (numerical) deformation invariants at
peak systole including intra-slice torsion and displacement interpolation to FE nodes
(Test 2).

I1 R1 R2 R3 I4 I5

μan ± σan 3.46 ± 0.04 2.28 ± 0.05 0.58 ± 0.02 0.83 ± 0.13 0.80 ± 0.08 1.33 ± 0.19

μnum ± σnum 3.46 ± 0.05 2.28 ± 0.06 0.58 ± 0.02 0.84 ± 0.12 0.79 ± 0.05 1.31 ± 0.14

% error 0.04 0.02 −0.03 −1.50 1.10 1.36

Fig. 2. Isotropic (I1) and anisotropic (I4) deformation invariants: analytic invariants
(A and C) and pointwise % error between analytical and numerical values (B, D)
computed in Test 2.
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3.2 Model Validation: Effect of Pipeline Processing

Table 3 summarizes the error introduced by the entire post-processing pipeline in
the calculation of the deformation invariants (Test 3). Figure 3 shows the point-
wise comparison for I1 (isotropic) and I4 (anisotropic) deformation invariants.
Percent error of mean values are smaller for I1 and I4 among the isotropic and
anisotropic invariants, respectively.

Table 3. From simulated imaging data to deformation invariants in the single slice
model (Test 3).

I1 R1 R2 R3 I4 I5

μan ± σan 3.46 ± 0.05 2.28 ± 0.06 0.58 ± 0.02 0.82 ± 0.12 0.80 ± 0.05 1.33 ± 0.14

μnum ± σnum 3.34 ± 0.11 2.13 ± 0.13 0.51 ± 0.09 0.73 ± 0.35 0.82 ± 0.06 1.26 ± 0.10

% error 3.61 6.5 13.16 11.01 −2.51 5.20

Fig. 3. Pointwise comparison and Bland-Altman plot for I1 (A, B) and I4 (C, D)
computed analytically and using the single slice model with DENSE simulated data
(Test 3). The biases in the Bland-Altman plots are 0.125 for I1 (B) and −0.020 for I4
(D).

3.3 In Vivo Results

We demonstrated the applicability of our framework in vivo by combining
DENSE and cDTI data from a single-slice. The modeling framework was used
to compute I1 from DENSE displacements alone and myofiber deformation I4

from co-registered in vivo DENSE and cDTI (Fig. 4). We also computed the time
evolution of averaged I1 and I4 deformation invariants in each healthy volunteer
(Fig. 5). Intersubject average I4 at peak systole is equal to 0.74 ± 0.03, which
corresponds to average myofiber strain equal to −12.8% ± 1.6%.
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Fig. 4. (A) Displacement vectors from beginning to end systole in a healthy volunteer.
(B) cDTI myofiber vectors f acquired at mid-systole. (C,D) Peak systolic deformation
invariants I1 and I4.

Fig. 5. Time evolution of averaged I1 (isotropic) and I4 (anisotropic) deformation
invariants in healthy volunteers (N = 5) together with intersubject mean (red line)
and standard deviation (blue shaded region). (Color figure online)

4 Discussion

We have implemented a computational modeling framework to calculate
microstructurally anchored deformation invariants from DENSE and cDTI imag-
ing data. The comparison of exact (analytic) and numerically computed defor-
mation invariants permits evaluating sources of error in the modeling framework
and possible remedies.

We observed that the 2D model approximation (Test 1) led to deformation
invariants close to the exact analytical values (error < 1%) if intra-slice torsion
is neglected (Table 1).

The agreement, however, between exact and numerical deformation invari-
ants worsens when intra-slice torsion is included in the CDP to provide more
realistic cardiac motion (Table 2, Test 2). Lower agreement is expected since
correctly representing torsion requires data from parallel short-axis slice loca-
tions and our acquired data was purposefully restricted to a single short-axis
slice. Indeed, one of our assumptions in Sect. 2.2 was the presence of a negligible
intra-slice torsion. This assumption, of course, can be relaxed by acquiring data
at two adjacent short-axis slices.
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Lastly, we compared the analytic deformation invariants to the ones com-
puted after the entire processing pipeline, starting from simulated DENSE
images (Table 3, Test 3). Other studies have evaluated the accuracy of strain mea-
sures computed from DENSE displacements. Wehner et al. [18] report that mea-
sured DENSE strains show good agreement with those computed from Tagged
MRI in human volunteers. Young et al. [19] echo these results, and also demon-
strate that measured DENSE strains in a rotating deforming gel phantom show
good agreement with those computed analytically for the phantom. Our results
complement these studies by comparing computed deformation invariants with
analytic values available through the CDP. This comparison with exact analytic
values enables determining which deformation invariants are less affected by the
assumptions and discretization steps included in our modeling pipeline.

To understand the spatial distribution of the differences between analytical
and numerical deformation invariants, we compared I1 and I4 pointwise (Figs. 2
and 3). Although their average difference is small, local differences can be much
larger, especially in the epicardial and endocardial regions where the effect of
intra-slice torsion appears to be larger and the correction outlined above may
be most useful. We notice that the results in Fig. 3(B,D) are not uniformly
scattered but partially clustered along distinct “bands”. This may be due to the
inhomogeneous error in I1 and I4 across the myocardial wall as illustrated in
Fig. 3(A,C).

After evaluating several sources of error in our model, we showed its applica-
bility to in vivo acquired data (Figs. 4 and 5). Leveraging the measured patient-
specific cDTI myofiber orientations permits estimating a measure of myofiber
function (I4), which is inherently microstructurally anchored. The averaged
I4(≈0.75) values across all volunteers (Fig. 5) is consistent with values of
myofiber strain reported in the literature [16]. In vivo averaged I1 (≈3.6) is con-
sistent with the analytic values computed from the CDP (Ian1 ≈ 3.5 - Table 3). In
this study, we focused on comparing I1 and I4 because these deformation invari-
ants are commonly used to formulate material energy laws describing passive
cardiac mechanics, e.g., [7,10].

In this work, we have evaluated the model assumptions for interpolating dis-
placements from a single short-axis slice of cine DENSE data to compute the
deformation invariants. These approximations can have a significant impact on
the computed values since the displacement field is differentiated to calculate
F, and this operation can amplify experimental noise. Accurate calculation of F
is central to computing myofiber strain and deformation invariant biomarkers.
Future validation of our computational model will include evaluating the effect
of non-rigid registration of DENSE and cDTI data and the effect of experimen-
tal noise on both DENSE and cDTI data. We foresee that a higher order FE
scheme or a meshless method, together with a more sophisticated displacement
interpolation method, may be necessary to decrease the effect of experimental
noise.

An additional step in validating our single slice framework consists in repeat-
ing the tests presented herein using a different CDP to reproduce different cardiac
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motion, especially if specific cardiac phases are of particular interest. For exam-
ple, to determine an optimal strategy to analyze passive cardiac kinematics, we
want to test our framework using a CDP that closely reproduces the motion
during diastole, since different numerical assumptions may lead to a different
amount of error in different cardiac phases.

Finally, we emphasize that the proposed framework may be easily extended
to the full 3D case, in which several short-axis DENSE and cDTI slices are
combined to construct a 3D finite element model. In the 3D case, no assumption
about intraslice torsion is necessary, thereby avoiding one major source of error
in the current framework.

In conclusion, a computational framework was developed to evaluate extra-
cellular matrix and myofiber kinematics based on single-slice DENSE and cDTI
data. Our preliminary results suggest that I1 (isotropic) and I4 (anisotropic)
invariants have the lowest average error among the invariants considered and
consequently may form a robust basis for describing systolic cardiac kinematics
and formulating strain energy laws for the heart.
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Abstract. Atrial fibrillation (AF) is associated to a five-fold increase
in the risk of stroke and AF strokes are especially severe. Stroke risk is
connected to several AF related morphological and functional remodel-
ing mechanisms which favor blood stasis and clot formation inside the
left atrium. The goal of this study was therefore to develop a patient-
specific computational fluid dynamics model of the left atrium which
could quantify the hemodynamic implications of atrial fibrillation on a
patient-specific basis. Hereto, dynamic patient-specific CT imaging was
used to derive the 3D anatomical model of the left atrium by applying a
specifically designed image segmentation algorithm. The computational
model consisted in a fluid governed by the incompressible Navier-Stokes
equations written in the Arbitrary Lagrangian Eulerian (ALE) frame of
reference. In this paper, we present the developed model as well as its
application to two AF patients. These initial results confirmed that mor-
phological and functional remodeling processes associated to AF effec-
tively reduce blood washout in the left atrium, thereby increasing the
risk of clot formation. Our analysis is a step forward towards improved
patient-specific stroke risk stratification and therapy planning.

Keywords: Atrial fibrillation · Left atrial appendage · Stroke · Risk
stratification · Patient-specific analysis · Computational fluid dynamics

1 Introduction

Atrial fibrillation (AF) is the most common form of arrhythmia worldwide [2]. Its
prevalence is expected at least to double in the next 50 years as the population
ages [2]. AF is associated to a five-fold increase in the risk of stroke [2] and AF
related strokes are more severe and likely to be fatal [2]. Clinical scores used
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to stratify the risk of stroke, such as the recommended CHA2DS2-VASc score
[2], are based on very generic empirical factors such as age, hypertension and
diabetes mellitus. As a result, their predictive power remains low [3].

In this context, several clinical studies suggested that stroke risk stratifica-
tion could be improved by using hemodynamic information on the left atrium
(LA) and left atrial appendage (LAA) [3,6]. These studies are based on the con-
sideration that AF effectively alters the intra-atrial blood flow dynamics in such
a way to yield blood stasis and, therefore, clot formation and embolism. One
factor is anatomical remodeling, which consists in the progressive LA enlarge-
ment and increase in the LAA elongation [6]. A second factor is given by the
altered mechanical function. Atrial contraction becomes completely chaotic and
therefore ineffective during the AF episodes. Moreover, there is a progressive loss
of atrial function even in sinus rhythm [6].

Yet, the exact way these complex mechanisms interplay cannot be assessed
experimentally and remains largely unknown. In this respect, computational
fluid dynamics (CFD) represents a unique tool to test different boundary condi-
tions on a complex fluid dynamics system, such as intra-cardiac hemodynamics,
in a non-invasive fully controllable and reproducible way. The aim of this study
was therefore to develop a patient-specific CFD model of the LA in AF which
could help elucidate the role of the key anatomical and functional features of AF
on the LA blood flow. By that, the provided tool might be used for improving
personalized stroke risk stratification and therapy planning.

Related work: Despite the relevance of the problem, the literature on CFD
LA modeling in AF is very scarce [8,16]. Due to the higher priority, the major-
ity of modeling efforts focused ventricular fluid-dynamics. Moreover, existing
atrial models consider almost exclusively electrophysiology. Few coupled atrio-
ventricular CFD models exist but still with main focus on the ventricle [14].

The first CFD study of the LA in AF was the one by Zhang and coll. [16].
They performed a purely theoretical (i.e. not patient-specific) study making use
of a simple toy model of LA anatomy and motion. Inflow boundary conditions
were also accounted for by simplistic wave-forms. More recently, Koizumi [8] used
a geometry segmented from a healthy volunteer. Hence, anatomical remodeling
effects were not taken into account. A trivial motion model was used consisting
of simple contraction/expansion in the direction from the mitral valve (MV)
to the LA roof. Fixed pressure values taken from the literature were used as
boundary conditions and the MV was simulated as an on-off switch.

Statement of the contribution: In this paper, we present what to our knowl-
edge represents the first patient-specific model of atrial blood flow in AF. The
main original contributions consist of: (1) LA anatomy was obtained from an AF
patient, hence, anatomical remodeling was accounted for; (2) Atrial motion was
extracted from patient data by image tracking; (3) We employed realistic inflow
boundary conditions obtained from real Doppler measurements on AF patients;
(4) we used a state-of-the art library for CFD simulations (LifeV1) which has

1 https://cmcsforge.epfl.ch/projects/lifev/.
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been extensively validated and optimized for fluid dynamics studies and cardiac
applications [11].

In this paper, we present the development of our computational model as
well as an initial evaluation on two AF patients, where the model is used to
study the hemodynamic implications of an AF episode.

2 Materials and Methods

The project’s flowchart is summarized in Fig. 1.

Fig. 1. Project flowchart.

2.1 Patient Data for Model Personalization

Clinical data was selected retrospectively from two AF patients. CT data (block
A.1 in Fig. 1) was acquired from a Philips Brilliance 64 CT scanner. Ten volumes
(170 axial slices, pixel size 0.4 mm, slice thickness 1 mm) spanning one cardiac
cycle from the end of (ventricular) diastole were reconstructed by retrospective
ECG gating.

Moreover, we used PW Doppler to set realistic inflow boundary conditions.
Specifically, PW Doppler at the MV was used to constrain, indirectly, the
inflow at the four pulmonary veins, as detailed in Sect. 2.3. Unfortunately, these
meauserements were not available for the two considered patients. Representa-
tive MV velocity profiles were therefore taken from the literature [8] (block A.2
in Fig. 1).

2.2 Patient Specific Anatomy and Motion Model

Segmentation of the First Frame - The 3D LA anatomy, inclusive of pul-
monary veins (PV’s) and left atrial appendage (LAA), was segmented from the
first CT volume (block B.1 in Fig. 1). Each slice was processed independently,
as follows.
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For each slice, an initial segmentation was computed by intensity threshold-
ing. A set of morphological opening and closing were then applied to remove
spurious regions. Finally, a curvature based level set was used to regularize the
contours [9].

Further processing was then required to make the 3D model compatible
with the CFD simulator. This included smoothing via the HC Laplacian algo-
rithm [15] and manual cutting of the inflow (i.e. the 4 PV’s) and outflow (i.e.
the MV) planes. Finally, a volumetric tetrahedral mesh was generated and the
inflow/outflow surfaces were labeled with the VMTK library2. A final mesh
quality check was performed. An example of segmentation in provided in Fig. 2.

Fig. 2. Reconstructed anatomy for patient 1: (a) segmentation result on four slices;
(b) final tetrahedral mesh. The principal anatomical structures are annotated in (b):
right inferior PV (RIPV), right superior PV (RSPV), left inferior PV (LIPV), left
superior PV (LSPV), LAA and MV. The final mesh contained 170,428 points and
1,042,766 tetrahedra.

Motion Model - We performed image registration on the full time sequence
in order to extract the patient specific LA motion over the cardiac cycle (block
B.2 in Fig. 1). Hereto, the displacement di→i+1(x) between two successive CT
volumes Ii(x) and Ii+1(x) was computed by elastic image registration [13], using
the mean squared difference as a similarity metric.

The global displacement with respect to the reference volume at time 0 was
then computed by accumulating the successive inter-frame estimates by means of
the recursive formula di→0(x) = di→i−1(x) ◦ di−1→0(x), with d0→0(x) = 0. To
control error accumulation, the tracking was performed in the forward direction
(i.e., with respect to frame 0) for half of the frames and in the backward direction
(i.e., with respect to frame N − 1, being N the total number of frames) for the
remaining half.

The displacement field was then used to propagate the initial mesh segmented
at time 0 over the full cardiac cycle (block B.3 in Fig. 1). By calling x0 the

2 http://www.vmtk.org/.
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position of a mesh node at time 0, we computed its position xi at time i by
sampling the computed displacement field, i.e. xi = x0 + di→0(x0). As such, a
set of N tetrahedral meshes representing the instantaneous position of the LA
on each available CT volume were obtained. Image registration and the sampling
of the displacement field were all performed in Elastix [7]. All parameters were
tuned to optimize tracking quality, as assessed visually.

Temporal Interpolation - A continuous interpolation of the discrete mesh
node positions was used to increase temporal resolution. Hereto, Fourier series
interpolation was used, in agreement with the physiological periodicity of the
heart motion. From a computational perspective, the continuous representation
allowed to sample the model at a proper time step to ensure stability of the
CFD solver. Moreover, thanks to the periodicity, an arbitrary number of cardiac
cycles could be simulated, which was necessary in order to remove influence from
the unphysiological initial condition on the fluid velocity.

2.3 The Computational Model

The model consisted in a fluid governed by the incompressible Navier-Stokes
equations written in the Arbitrary Lagrangian Eulerian (ALE) frame of reference
[12]. This conveniently splits the problem into two coupled sub-problems, namely
the fluid problem, describing the fluid-dynamics, and the geometry problem,
which attains to the motion of the computational domain. The latter determines
the displacement of the fluid domain which, in turn, defines the ALE map.

For spatial discretization of the model, we consider a Galerkin finite element
approximation using P1−P1 Lagrange polynomials with a suitable VMS-SUPG
stabilization scheme [5,10] while for temporal discretization, we applied a second
order semi-implicit backward differentiation formula scheme [4,5].

Inflow boundary conditions at each PV were assigned as follows. First, we
considered a representative MV flow rate Q0. The latter was computed as as
QO = vMV AMV , being vMV mean velocity profile vMV (cf. Sect. 2.1) and AMV

the MV cross sectional area.
The flow rate at each PV was then obtained by mass balance: Qpv

1 + Qpv
2 +

Qpv
3 +Qpv

4 +QO +Qwall = 0, where Qpv
i , i = {1, 2, 3, 4} are the flow rates at each

PV and QO is the desired MV flow rate. Qwall is the flux associated to the LA
volume variation, i.e. Qwall = dV/dt, being V the instantaneous LA volume.

Having defined Qpv
tot = Qpv

1 +Qpv
2 +Qpv

3 +Qpv
4 , the individual PV flow rates

were then computed as: Qpv
l = (Al/At)Q

pv
tot − Qw

l , where Al is the sectional
area and At is the sum of all PVs sectional areas. Qw

l represents the flow due to
the mesh velocity for each PV considering that the PVs sections move and their
area changes during the cardiac cycle. Moreover, we chose to impose a parabolic
velocity profile at each PV. Finally, we applied natural boundary conditions to
penalize backflow at the MV [1]. The CFD simulations were performed through
the LifeV library1 (block C of Fig. 1) in a parallel setting.
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Fig. 3. Computed LA blood flow in one patient. First column reports the computed
flow rate at the MV cut plane in SR (blue) and AF (red). Each row correspond to
a different time in the cardiac cycle, denoted by the vertical black marker: end of
diastole; LV sistole; LV filling (E-wave); atrial systole (A-wave). The computed flow
velocity fields are reported in the second (AF) and third (SR) column. (Color figure
online)

Table 1. Number of particles which remained in the LAA at the end of each cardiac
cycle for the two considered patients in SR and AF. The percentage indicates the
current number of particle with respect to the initial umber. Cardiac cycle = 0 indicates
the beginning of the simulation.

Cardiac cycle Patient 1 Patient 2

SR AF SR AF

0 500 500 500 500

1 500 500 500 499

2 478 480 455 465

3 130 (26%) 228 (45%) 195 (39 %) 251 (50.2 %)
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2.4 Numerical Simulations

We ran two patient-specific simulations from two sets of patient data. Each
simulation was run for three cardiac cycles to remove influence from the unphys-
ical initial conditions on the fluid velocities. The results on the 3rd simulated
cycle will be therefore reported. For each patient, we run one simulation in sinus
rhythm (SR) and one in AF. Hereto, SR employed the patient specific motion
model extracted from the CT volumes, as described previously. AF was instead
simulated by applying independently to each node a random displacement, that
was kept small (≈0.01 mm) to avoid numerical issues arising from an excessive
worsening of the mesh quality. Moreover, in AF, we redefined the inflow bound-
ary conditions by considering a representative MV flow rate by removing the
A-wave.

3 Results

The simulated LA blood velocity is displayed in Fig. 3 for the first patient. We
note that at end of diastole (first row) zero velocity is measured at MV, as
expected, and PV’s. During LV systole (second row) MV velocity is zero. How-
ever, we noticed an increment to 20 cm/s at the four PVs (20 cm/s) in SR due to
atrial diastole. Due to the random motion model, this was not the case in AF,
where PV velocities remained mostly null. During LV filling (third row), the MV
flow increased (E-wave) to a peak value of about 65/70 cm/s in both SR and AF
simulations. An expected increase of the PV velocity was also confirmed by the
simulation results (mean value 40 cm/s). During atrial systole (fourth row) we
saw the expected A-wave at the MV (peak velocity between 35 and 40 cm/s)
while the A-wave was missing in AF. Besides peak and mean values, the model
allows to access the full complexity of the LA blood flow, cf. Fig. 3. In particu-
lar, detailed flow features, such as small vortexes, were represented by the model
even if they are not discussed here due to the lack of space.

Blood stasis in the LAA might result in the formation of blood clots [6].
As a measure of blood stasis, we populated the LAA with 500 point particles,
and counted how many remained inside the LAA after each cardiac cycle. The
results for the two patients are reported in Table 1. After 3 cycles, 26% of the
particles remained in the LAA in SR, while 45.6% remained in AF for patient
1. For patient 2, 39% remained in SR and 50% in AF. In both cases, although
more incisively for patient 1, AF implied an expected reduced washout of the
LAA which in the long term might be indicative of the generation of blood clots.

4 Conclusions

We presented what to our knowledge represents the first patient-specific model of
atrial hemodynamics in AF. An initial evaluation of the model was also presented
to study the effect of an AF episode on the intra-atrial blood flow.
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In this initial testing, the model returned realistic blood flow patterns both
at SR and during AF. The model confirmed that AF episodes result in a reduced
washout of the LAA which can lead to the formation of thrombi.

One limitation is that the model was not benchmarked against experimental
flow measurements. Moreover, a comparison against a healthy atrium is nec-
essary to understand the hemodynamic implications of AF better. Finally, an
evaluation on more patients including a diverse range of anatomies and blood
flow profiles has to be performed.

This is our initial effort towards the development of a better tool for stroke
risk assessment and therapy delivery in the atrial fibrillation patient.
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Abstract. In this work we introduce the modeling of atrioventricu-
lar valve regurgitation in a spatially reduced order biomechanical heart
model. The model can be fast calibrated using non-invasive data of car-
diac magnetic resonance imaging and provides an objective measure of
contractile properties of the myocardium in the volume overloaded ven-
tricle, for which the real systolic function may be masked by the signifi-
cant level of the atrioventricular valve regurgitation. After demonstrating
such diagnostic capabilities, we show the potential of modeling to address
some clinical questions concerning possible therapeutic interventions for
specific patients. The fast running of the model allows targeting specific
questions of referring clinicians in a clinically acceptable time.

Keywords: Cardiac modeling · Reduced-order model · Atrioventricular
regurgitation · Model-based diagnosis assistance · Therapy planning

1 Introduction

Mitral or tricuspid regurgitation (MR, TR) also named mitral (tricuspid) valve
insufficiency or incompetent mitral (tricuspid) valve, is a condition in which the
atrioventricular (AV) valve allows backward flow (regurgitation) during systole
due to anatomical or functional defects. The AV valve regurgitation (AV-R)
is typically quantified by imaging techniques – echocardiography or magnetic
resonance imaging (MRI) – with classification into mild (regurgitation fraction
RF being below 30%, and regurgitation volume RVol < 30 ml), moderate (RF 30–
40% and RVol 30–45 ml), moderate-to-severe (RF 40–50%, RVol 45–60 ml) and
severe (RF above 50% or RVol above 60 ml). The ventricular volume overload
due to a moderate or severe AV valve insufficiency makes the assessment of
the true systolic function of ventricle rather difficult. The indicators practically
considered are the ventricular ejection fraction (EF), ventricular end-diastolic
c© Springer International Publishing AG 2017
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volume (EDV) indexed to body surface area (iEDV) representing the level of
ventricular dilatation, the percentage of RF, the regurgitation volume RVol and
the morphology of the leaking valve. Putting all these available data into a
clear clinical picture is not obvious and is one of the potentials of biomechanical
modeling.

Capturing the anatomy of valve leaflets coupled with a realistic 3D heart
model is mathematically extremely challenging and computationally intensive
[1], with a limited potential to be used at bedside. The role of such detailed
models would rather be in testing new valve implants, and the intensive com-
putations would be run in the prosthetic valve development. Our goal in this
paper is to present a relatively easy approach of incorporating the AV-R into a
biomechanical heart model with the capability to provide a fast quantification
of the actual contractile property of the ventricle, which would allow to objec-
tively assess the level of overload the patient’s heart is facing. The abnormal
contractility might play a very significant role in the mismatch between the clin-
ical assessment of a valve insufficiency and the actual outcome of a therapeutic
intervention on the valve [7] – a phenomenon not fully understood to date. We
aim at providing the clinical information in a relatively short time period, typi-
cally within hours – the time scale compatible with data analysis and reporting
for an MRI exam of heart disease patients – so that the added indicators could
be directly taken into consideration in clinical conclusions. Secondly, once the
model is set up using patient-specific data, it can be used to predict the effect
of possible valve repair or other therapeutic interventions – an information of
invaluable importance prior to deciding about the type of therapy.

The valve insufficiency has already been introduced in the cardiac model-
ing community as for instance for the pulmonary valve. In [6] a 3D mechanical
heart model was constrained by external forces from processed image data to
allow regurgitation flows. The model was used to estimate the constitutive prop-
erties of myocardium and a possible outcome of a complete valve repair was
predicted. In our case, the global mechanical model – including the component
of AV-valve insufficiency – that we are proposing allows to obtain more compre-
hensive predictions. Examples thereof include the investigation of the effect of a
partial improvement by invasive or non-invasive techniques – as is often the case
in correcting the AV valve insufficiency – or modifications of the physiological
properties of the cardiovascular system by a number of interventions, pharmaco-
logical or others. We will exemplify this variety of predictions with two clinical
cases and several associated treatment scenarios.

2 Methods

2.1 Clinical Data

Two AV-R patients and one healthy control were analyzed in this pilot study.
The data used were the non-invasively acquired magnetic resonance imaging
data (MRI), together with peripheral pressure cuff measurement. MRI data con-
tained cine images in short axis (the stack covering whole ventricles and part



Assessment of Atrioventricular Valve Regurgitation 403

Table 1. Patients’ information obtained during cardiac MRI exam.

Patient # Age
(years)

EDV
(ml)

iEDV
(ml/m2)

EF
(%)

RF
(%)

RVol
(ml)

type of
defect

Healthy control 30 130 70 55 0 0 N/A

1 17 246 119 59 36 45 MR

2 17 308 169 55 26 43 TR

0 0.5 1 1.5 2
-0.2

0

0.2

0.4

0.6

0.8

1

ventricle volume (scaled)
mitral regurgitation flow (scaled)

Fig. 1. Top: Mitral valve defect in Patient 1 with holosystolic regurgitant flow through
the defect (the opening at end-systole is marked by arrows). Bottom: Tricuspid valve
defect in Patient 2 present during early systole (left) and closing up during late systole
(right).

of the atria) and stacks of long axis orientations (typically 5–9 slices for 2-, 3-
and 4-chamber views) in order to well visualize the AV-valve defect in several
orientations throughout the cycle, and phase contrast images of flow through
aortic and pulmonary valves (the outflows of the ventricles).

The first patient has a moderate-to-severe MR with RF of 36% and RVol
45 ml, see Table 1. MR was caused by an anatomical defect in the posterior valve
leaflet leading to MR throughout the systole, which can be appreciated in the
top line of Fig. 1. The second patient is a TR patient with dilated RV – which
is connected to the systemic circulation and has outflow to the aorta (the so-
called systemic RV) – and in addition has a complete atrioventricular block (i.e.
the atria and ventricles beat independently with a very low ventricular rate of
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∼40 bpm). The defect in the tricuspid valve is central and disappears when the
RV volume falls below 200 ml (due to a decrease in size of the tricuspid valve
ring), as assessed from the detailed short and long axis cine MRI stacks (see
bottom line in Fig. 1).

While for the first patient mitral valve surgery might be indicated, the clin-
icians’ main question about the second patient is whether or not to implant a
pacemaker/CRT to correct the AV-block, as increasing the heart rate might lead
to a reduction of TR. In the sequel we will address these clinical questions with
the help of a biomechanical heart model.

2.2 Biomechanical Heart Model

The biomechanical model of heart function used in this work was detailed in
[2]. It is a reduced-order (0D) model, in which the ventricle of concern is rep-
resented by a sphere with the inner radius R and wall thickness d adjusted
according to the patient’s image data. The model contains anisotropic mechan-
ics with Holzapfel-Ogden-type hyperelastic potential in the passive component
and chemically controlled model of actin-myosin interaction for the active part.
The constitutive behavior is taken as transverse isotropic with respect to the
fiber direction, and the fibers are assumed to be isotropically distributed in the
orthoradial plane through the wall thickness. Consequently, the resulting overall
behavior is different in the radial vs. orthoradial directions, as detailed in [2].
The circulation system is represented by a 2-stage Windkessel model (see Fig. 2).
The phases of the cardiac cycle and opening/closure of valves are handled via a
diode system as is described in [9]. In particular the AV-R is incorporated via
a two-direction diode which is controlled by the phase of cardiac cycle. Under
physiological conditions, the value of the AV valve conductance is set to a high
value Kopen when the valve is open with the resulting atrium-to-ventricle flow
being given by Kopen · (Pat − Pv), with Pat and Pv standing for the atrial and
ventricle pressures. During the closure of the valve the conductance is set to a
very low value Kclose as a penalty for the negligible flow Kclose · (Pv − Pat). By
increasing the coefficient Kclose the AV-R can be introduced and tuned to the
observed level of RF.

The complete heart-circulation model – i.e. the 0D cavity with the connected
Windkessel model – is calibrated sequentially. The order for calibrating each
component is given by the available data so that the calibrated part of a given
module is carried further into a more complete model. First, the geometry is
adjusted according to the data (reference volume and wall thickness of the ven-
tricle [5]). Taking the advantage of having the measured flows leaving the ventri-
cles at hand, the parameters of Windkessel model (representing the circulation,
we recall Fig. 2) are tuned by directly imposing the measured flow at the inlet
and using the peak and minimal arterial pressure taken by cuff measurement.
The passive parameters are adjusted according to the clinically predicted atrial
pressure. Finally, the active contractility is calibrated in order to obtain the peak
aortic flow velocity as in the data. The main mechanical parameters of the model
are summarized in Table 2.
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Fig. 2. Schematics of the model including the dual-direction diode for the AV-valve.

Concerning the calibration of the AV valve insufficiency, we kept the coeffi-
cient Kclose constant for Patient 1, while for Patient 2 we made Kclose linearly
dependent on the volume of ventricle Vv with no regurgitation for the ventricular
volume below the limit observed in the image data (V competent

v = 200 ml). In
detail,

Kclose =
{

αKincompetent valve
close + (1 − α)Kcompetent

close when Vv > V competent
v

Kcompetent
close when Vv ≤ V competent

v ,

with linear interpolation factor α = Vv−V competent
v

V EDV
v −V competent

v
.

3 Results

Figure 3 shows the level of accuracy obtained by our model representing the data
in the measured key indicators. Table 1 summarizes data for the subjects in the
study as obtained by a routine clinical analysis of the MR exam. Note that the
ventricular size of Patient 1 is moderately increased (normal iEDV being below
100 ml/m2) and the ventricle of Patient 2 is severely dilated. According to the
standard clinical assessment of systolic function, both patients fall into normal
range (EF ≥ 55%). When comparing the level of ventricular contractility as
estimated by the model (see Table 2), both patients have the contractility above
the normal population (60–70 kPa, as exemplified by our healthy control case).
The level of contractility in Patient 1 is mildly increased, and the contractility
value of Patient 2 is already at moderately elevated inotropic level, even though
the patient is at rest.

To better appreciate the patients’ heart function, we plot in Fig. 4 the car-
diac output as a function of the preload. We can see that in both cases the cur-
rent working point is on a rather flat part of these “Starling curves”, relatively
independent of the current preload. Both patients have no signs of damaged
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Fig. 3. Indicators of the calibrated models compared with the available data for
Patient 1 (top row) and Patient 2 (bottom row).

Table 2. Main parameters of the model.

Patient # Relat. passive
stiffness

Contractility
(kPa)

Periph. resistance
(Pa s/m3)

Periph. capacitance
(m3/Pa)

Healthy control 1.0 60 1.55 · 108 1.1 · 10−8

1 1.13 92 1.1 · 108 1.5 · 10−8

2 1.0 125 108 2.2 · 10−8

myocardium (in particular, no post-infarction scarring was present in gadolin-
ium late-enhancement MRI), and we would therefore expect the level of contrac-
tility to be able to increase to a level of 180 kPa – in our experience the level
obtained by using a moderate dose of inotropic drug in stress studies performed
in clinically indicated cases [11]. The red cardiac output curve in Fig. 4 shows
a prediction of such an inotropic effect. While the cardiac output of Patient 1
could significantly increase, the predicted cardiac output increase for Patient 2
is rather limited. This plot suggests that Patient 2 is more urgent to treat, as
the contractile reserve of the patient’s heart (which would be available to com-
pensate for instance an acute destabilization of the patient’s state) is limited,
even though the level of RF is significantly less than for Patient 1.

Finally, Figs. 5 and 6 demonstrate the effect of therapies in question for the two
patients. By correcting themitral valve inPatient 1,while the inotropic level is kept
at the same level, the model predicts that the heart will be working on smaller vol-
umes (see blue curves in Fig. 5). This could be beneficial for the level of tissue stress
and may induce a reverse remodeling of the dilated heart and bring the heart vol-
umes from moderate dilatation to normal size. Alternatively, to reach the cardiac
output as at baseline (5.3 l/min), the myocardial contractility could decrease by
15% – which would have positive effects on the heart energy requests.
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Fig. 4. Heart function presented as patient-specific cardiac output-vs-preload curves
at the current physiological state (black solid line), and as predicted if the contractility
was increased to a high level of 180 kPa (red line). (Color figure online)
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Fig. 5. Predicted effect of mitral valve repair in Patient 1: Patient’s heart could work
on the same level of contractility but on a lower preload (blue plot), or on a lower
contractility level (red), assuming the repair would practically completely resolve the
MR. (Color figure online)

For Patient 2, the model predicts a significant reduction of the regurgitation
fraction when increasing the heart rate from 40 bpm to the normal value of
60 bpm after implanting a pacemaker, thanks to a reduction of the ventricular
volume (see blue curves in Fig. 6). Even by reducing the the contractility by 10%
represented by red curves – which would definitely be of benefit for the patient,
recall Fig. 4 – RF would still be around 14% (considered as only a trivial-to-mild
level of TR).

4 Discussion and Future Work

A detailed visualization of the AV valve by a high number of cine slices in
superior temporal resolution was key to adjust the AV-valve conductance in the
central-TR defect, which was closing up for the smaller ventricular volumes.
Although acquiring the additional ∼20 slices in long axis orientations represents
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Fig. 6. Predicted effect of pacing on the tricuspid valve regurgitation fraction in
Patient 2.

extra 10–20 min of scanning, this extra time is worthy for a better visual analysis
and also for an increased level of model personalization in this patient.

Measurements of the AV flow by MRI are not routinely performed because of
a limited reproducibility and accuracy. Our experience from the presented pilot
study, however, shows that even a solely qualitative profile of the regurgitation
jet (as shown for Patient 1 in Fig. 1, obtained actually from the flow image tar-
geted on the through-aortic valve flow) would facilitate the process of setting
up the model correctly, and will be included for future patients. Our study was
completely non-invasive with data acquired during a routine congenital heart
disease MRI exam. The obtained pressure was just a brachial cuff measurement
and we tuned our model (i.e. the Winkessel resistances and capacitances Rp, Rd,
Cp and Cd, see Fig. 2) to the corresponding two measured pressure points (min-
imum diastolic and maximum systolic) as if these points were present directly
in the proximal aorta. We are aware of the difference between the central and
peripheral pressure measurements, but the error in the range of 5–10 mmHg is
acceptable for our purpose (as a comparison, in the cohort of patients followed,
10–20 % error in RF does not necessarily mean any difference in a standardized
therapy). We do however plan to perform a sensitivity analysis with respect to
the measured peripheral pressure for a group of patients with available central
aortic pressure. The uncertainty of all parameters could be studied independently
for each component of the model (Winkessel, passive and active properties), and
remains to be done in future.

Our model suggests that correcting the MR in Patient 1 would be beneficial,
and also directly gives some complementary therapeutic guides, e.g. the effect
of decreasing contractility, or volume of circulating fluid which is adjusted by
intrinsic physiological mechanisms of “pressure driven diuresis/natriuresis” [4]
possibly supported by antidiuretic drugs. In this work, we have not dealt with
the important effect of coupling the cardiac function with venous return as in
[3,8], even though this would allow predicting using the antidiuretics, and we
plan to extend our study also in this respect.



Assessment of Atrioventricular Valve Regurgitation 409

Our predictions for Patient 2 suggest a beneficial effect of pacing. We have to
point out, however, that our model only captures the immediate effects and does
not include possible negative effects caused by artificially fast rate. The validity
of prediction of immediate effect of pacing, namely the changes of end-diastolic
and stroke volume indicators, is a subject in our current clinical study in which
the patients with MR conditional CRT devices are included. Instead of MRI,
the echocardiography data processed into 0D signals of ventricular volumes and
aortic flows could be used with the advantage of a possible validation on a much
larger cohort by avoiding the contraindication of MRI in the majority of CRT
patients.

Patient 2 has a congenital disease called congenitally-corrected transposition
of great arteries (ccTGA), which is a very rare pathology. However, we believe
that it is a group of patients who might extremely benefit from modeling. First,
reduced order models – as the one used in the present work – can allow a quick
assessment of the contractile properties of the remodeled systemic right ven-
tricle – typically associated with some degree of TR – and predict the effect
of possible pacing, as the AV block is commonly present in ccTGA. Secondly,
the inter- and intra-ventricular delays (also common in ccTGA) may be directly
treated by using a biventricular pacing (CRT) with a possibility of employing
more detailed 3D models, which are able to capture the propagation of electrical
activation throughout the myocardial tissue, with the aim to optimize the CRT
[10]. Modeling can change the management of these patients since their early
ages.

All the simulations performed in the present work rely on the assumptions of
reduced order (0D) mechanical modeling [2] and therefore possess some limita-
tions compared to 3D modeling. The 0D approach cannot rigorously capture the
inhomogenities of material parameters, such as alterations of passive myocar-
dial stiffness and active contractility in the infarcted heart. The effective spatial
averaging of these parameters may lead to errors, e.g. false negativity if trying to
discover an increased level of contractility at rest. Similarly, the propagation of
electrical activation – often pathological in the AV-R patients with dilated ven-
tricles – can be taken into account only by imposing the duration of propagation
of depolarization wave according to the measured QRS duration in patients’
ECGs. Local branch/partial blocks therefore cannot be directly included. We
expect that out of these two limitations, the former one has a larger impact, and
a fully 3D approach should therefore be considered in the infarcted hearts.

The fast run of 0D simulations, however, allows investigations of a number of
virtual scenarios in a very short time. Indeed, one of the objectives in carrying out
this work was to allow medical doctors to directly perform such simulations and
hypothetical scenarios by themselves, in parallel with reporting on patients’ MRI
scans. Our experience from the presented work and other projects [8] suggests
that the complexity of the model is such that this aim is realistic, indeed.
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5 Conclusion

This paper shows a promising pathway in employing simplified models address-
ing the clinical questions for a given patient to extend the capabilities of imaging
techniques. Although the pathology in question is related to the valves, the con-
sequences on the myocardium itself are what really matters. Including modeling
in clinical decision making has the potential to push further the understand-
ing of the state of patients’ hearts and predicting the effect of therapeutical
interventions.
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Abstract. The influence of the left atrial appendage (LAA) and its different
possible morphologies in atrial haemodynamics and thrombus formation is not
fully known yet. The main goal of this work is to analyse blood flow character‐
istics in relation with LA/LAA morphologies to better understand conditions that
may lead to thrombus formation. We constructed several patient-specific compu‐
tational meshes of left atrial geometries from medical imaging data. Subse‐
quently, Computational Fluid Dynamics (CFD) methods were run with boundary
conditions based on pressure and velocity measurements from literature. Relevant
indices characterizing the simulated flows such as local maps of vorticity were
related to simple LAA shape parameters. Our in silico study provided different
3D haemodynamics patterns dependent on the patient-specific atrial geometry. It
also suggests that areas near the LAA ostium and with presence of lobes are more
prone to coagulation due to the presence of low velocities and vortices.

Keywords: Left atrial appendage · Shape analysis · Haemodynamics · CFD ·
Vorticity · Thrombus formation

1 Introduction

Atrial fibrillation (AF) is the most common sustained heart rhythm disorder and is one
of the main causes of cerebral strokes [1]. In patients with non-valvular atrial fibrillation
(NVAF), around of 90% of thrombi leading to stroke are originated in the left atrial
appendage [2], which is an interesting anatomical structure with large inter-subject
morphological variability. Percutaneous left atrial appendage (LAA) closure is a prom‐
ising approach for stroke prevention, which is recommended for patients with contra‐
indications to anticoagulant therapy. Due to the large inter-subject variability in LAA,
an accurate morphological analysis of its geometry is crucial in selecting the appropriate
device size during preoperative planning.
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The left atrial appendage acts as a decompression chamber during left ventricular
systole and in periods of high left atrial pressure [3], but its functioning and the influence
its morphology are still unclear. Studies relating blood flow dynamics with LA config‐
urations (e.g. number, location, size and orientation of pulmonary veins, volume) and
LAA morphologies (e.g. chicken wing, cactus, cauliflower, windsock [4]) may shed
some light on the relevance of this structure, his role in the cardiovascular system and
the long-term effect of its occlusion.

Advanced imaging techniques such as Computational Tomography (CT) or 3D Rota‐
tional Angiography (3DRA) provide accurate 3D reconstructions of LAA geometries.
Blood flow information is usually measured from Transesophageal Echocardiographic
(TEE) images (including Doppler acquisitions) after LAA occlusion interventions to
evaluate if the device is correctly positioned, but they only provide partial flow data on a
plane or a given point of view. A more complete haemodynamics characterization is
possible using novel 4D-flow Magnetic Resonance Imaging (MRI) [5, 6], but it is still in
its infancy. On the other hand, Computational Fluid Dynamics (CFD) techniques can
create 3D blood flow simulations to study haemodynamics patterns in different LA/LAA
configurations. A few number of papers [7–10] can be found in the literature with CFD
studies on LA. They are basically performed on synthetic geometries or in 1-2 patient-
specific geometries from CT/MR imaging, but without jointly analysing haemodynamics
and morphological indices to investigate the risk of thrombus formation.

The main objective of this study was evaluating haemodynamics parameters in
different patient-specific LA/LAA morphologies to identify characteristics potentially
related to high risk of thrombus formation. Four geometrical models of the LA, each
one with a different type of LAA morphology, were built from patient-specific 3DRA
data. Simple morphological parameters parameterizing the LAA geometry (e.g. size,
ostium diameters, number of lobes, volumes, lengths) were jointly analysed with indices
characterizing blood flow patterns obtained from CFD simulations (e.g. velocities,
vorticity, streamlines, Reynolds number, oscillating shear index, relative residence
time), providing a complete overview of each LA/LAA configuration.

2 Materials and Methods

2.1 Image Processing and Meshing

The computational pipeline for generating the set of CFD simulations started with the
segmentation of patient-specific 3DRA images to obtain LA/LAA geometries. Left atrial
meshes were obtained from imaging data of four AF patients (OLV Hospital, Aalst,
Belgium). The ethical committee approved this study and informed consent was
obtained from every patient. 3D Rotational Angiography images were acquired with an
Innova 3D system (GE Healthcare, Chalfont St Giles, UK) and reconstructed with the
scanner workstation, providing isotropic 3D images with 0.23 mm or 0.45 mm volu‐
metric pixel size, for 512 or 256 pixels per dimension, respectively. Segmentation of
the left atria was achieved with semi-automatic thresholding and region-growing algo‐
rithms available at the scanner console. From the resulting binary masks, surface meshes
(with triangular elements) of the LAA were built with the classical Marching Cubes
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method. A Taubin filter [11] was applied to smooth the surface mesh while preserving
the original volume. The catheter, always present in the reconstructed mesh (see Fig. 1),
was manually removed using MeshLab1. Subsequently, inlet and outlet surfaces were
added using MeshMixer2: four synthetic pulmonary veins (i.e. tubes) were added as
inlets whereas the mitral valve area was defined as outlet. Location and physical dimen‐
sions of these surfaces were determined following measurements from the 3DRA
images. From the triangulated surface, the tetrahedral mesh was created with Gmsh3.
Figure 1 illustrates some intermediate results during the left atrial meshing pipeline.

Fig. 1. Generation of left atrial meshes. Left: Segmentation of the left atria from 3DRA images.
Middle: surface mesh after applying Marching cubes. Right: surface mesh after re-meshing,
smoothing and adding appropriate inlet (PVs) and outlet (MV) surfaces. L: left; R: right; MV:
mitral valve; PV: pulmonary vein. LAA: left atrial appendage.

2.2 Left Atrial Blood Flow Simulations

A second order implicit unsteady formulation was used for the solution of the momentum
equations in the CFD simulations, in conjunction with a standard partial discretization
for the pressure (under-relaxation factors of 0.3 and 0.7 for the pressure and momentum,
respectively). Blood flow in the LA was modelled with the incompressible Navier–
Stokes and continuity equations. Residuals of mass and momentum conservation equa‐
tions lower than 0.001 were considered as absolute convergence criteria. Blood was
modelled as an incompressible Newtonian fluid with density ρ = 1060 kg/m3 [12]. The
dynamic viscosity of blood in large vessels and the heart at normal physiological condi‐
tions was set to μ = 0.0035 Pa-s [12]. Simulations were run using a laminar flow
hypothesis under isothermal and non-gravitational effects. All walls were simulated rigid
and with no-slip conditions, replicating the worst AF scenario (e.g. chronic AF), when
atrial contraction is not possible anymore. The differential equations were solved using
a time-step Δt = 0.01 s. At the inlets of the LA model (i.e. the four PVs) a time-varying
blood flow function was applied (see Fig. 2a), following clinical observations from
Fernandez-Perez et al. [13]. At the outlet (i.e. the mitral valve) a pressure of 8 mmHg
[14] was imposed during the ventricular diastolic phase. In ventricular systole, the MV

1 http://www.meshlab.net.
2 http://www.meshmixer.com.
3 http://gmsh.info/.
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is closed; this was simulated as a wall boundary. The systolic and diastolic phase lasted
0.4 s and 0.65 s, respectively [13].

2.3 Geometrical Characterization of LA and LAA

Several indices were studied to characterise LAA shape (see Fig. 2b, c). They were
inspired on measurements used by clinicians to determine the optimal LAA occluder
dimensions and intervention planning: the maximum diameters (d1, d2), area and height
of the ostium (equivalent to the landing zone concept); LAA depth was estimated as the
length of a straight line (H0) from the middle of the LAA height (H) to the LAA apex
(furthest point); and an index estimating the length of the LAA, τ = H/2 + H0 (higher
values of τ indicate longer blood flow pathways, from the ostium to the apex of the
LAA).

Fig. 2. (a) Generic blood velocity waveform applied to the pulmonary veins during ventricular
systolic and diastolic phases. (b) the four typical LAA morphologies studied. (c) geometrical
parameters of LAA, including its length and depth (H0 + H/2 and H, respectively) as well as
ostium maximum diameters (d1 and d2).

2.4 Haemodynamics Indices Related to Thromboembolic Risk

The local Reynolds number was estimated from CFD simulations to determine the flow
regime of blood towards the left ventricle. Mean flows and pressure waves were retrieved
for a whole cardiac cycle at the inlets and outlets of the LA (e.g. PVs and MV) as well
as in the LAA. LAA velocities < 0.55 m/s have been associated with a higher risk of
stroke, with decreasing velocities of < 0.20 m/s being linked to the identification of
thrombus within the LAA and a higher incidence of thromboembolic events [15].
Velocity streamlines of simulated flows were used to visually analyse the fluid dynamics
profiles coming from left or right PVs. Vorticity maps, estimated from the second variant
of the velocity gradient tensor (Q-criterion), were also computed to identify regions with
high risk of thrombus formation. Thresholds on the Q-criterion (200-300 s−2) were
applied for vortex visualization purposes, similar to Otani et al. [10], to identify vortices
associated to blood rouleaux or coagulation [3]. Paraview4 was used for visualization
and post-processing of CFD simulations.

4 http://www.paraview.org.
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3 Results and Discussion

Table 1 summarises the main geometrical and haemodynamics parameters character‐
ising the four studied LA/LAA morphologies. LAA morphologies were classified into
the usual four categories following the criteria of De Biase et al. [4]: case 1, cactus
(CACT); case 2, cauliflower (CF); case 3, windsock (WS); and case 4, chicken wing
(CW). Table 1 shows the variability of the studied morphologies, including large differ‐
ences in LA volumes (from 131 to 220 cm3), PV areas (from 14.9 to 29.1 cm2), LAA
ostium areas (estimated from diameters d1 and d2, from 3.13 to 6.15 cm2), LAA volumes
(from 7.7 to 14.8 cm3), LAA landing zones (H from 1.27 to 2.35 cm), LAA lengths (from
3.35 to 4.45 cm) and number of lobes (from none to seven), among others. These meas‐
urements corresponded to the end diastolic phase, when the contrast in 3DRA acquisi‐
tions was filling the atria.

A simple verification of the obtained CFD simulations was achieved by comparing
the peak of transmitral velocities in diastole (see Fig. 3a) with the ones provided by
Fernandez-Perez [13], since we used the same inlet (PV) boundary conditions. Even
though LA morphologies were quite different in both studies, transmitral velocities were

Table 1. LA/LAA geometrical and haemodynamics parameters. Volumes (V), areas (A), left
and right pulmonary veins (LPV and RPV), mitral valve (MV), ostiumarea and depth (OsA and
OsD), LAA depth and length (H, H0, τ), number of lobes (Nlobes), time-average wall shear stress
(TAWSS), oscillating shear index (OSI), relative residence time (RRT), Reynolds number (Re).
Bold values indicate the maximum/minimum (red/blue colours) among the 4 cases.
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in the same range: 0.27–0.48 m/s and 0.33 m/s in our cases and Fernandez-Perez [13],
respectively.

Fig. 3. Distribution of average blood velocity in the mitral valve (a) and the LAA ostium
(b) during diastole.

The E/A ratio is a marker of diastolic performance of the heart, which is computed
from the relation between early (E) to late (A) ventricular filling velocities. As expected,
all E/A ratios estimated from CFD simulations are larger than two (E>>A), implying a
restrictive and irreversible pattern in the LA [13]; in our case this is due to serious
changes in LA elasticity and relaxation caused by AF. We also analysed peak diastolic
(emptying) blood velocities in the LAA ostium (see Fig. 3b) since low values (<0.20 m/
s) have been associated with the identification of thrombus [15]. In our experiments,
case 1 (CACT, 0.30 m/s) and case 2 (CF, 0.21 m/s) presented a lower risk of throm‐
boembolic events than case 3 (WS, 0.13 m/s) and case 4 (CW, 0.12 m/s), following the
before mentioned criteria.

Figure 4 shows CFD-derived flow streamlines in two cases (case 1 and case 4, with
cactus and chicken wing morphologies, respectively). It can be observed that blood flow
enters the LAA mainly during systole, when the MV is closed. This shows the decom‐
pression role of the LAA in this cardiac phase, where higher pressures are found in the
left atria. On the other hand, blood flow scarcely enters the LAA at the diastolic phase.
Moreover, the LAA is preferentially filled in from flow coming from the LPV, while
the RPV flow is mainly directed to the MV, in agreement with simulations from Vedula
et al. [8].

Figure 5 displays the CFD-based vorticity maps of the four LA/LAA cases. Maps
were thresholded within the range of 200–300 s−2 in the Q-criterion for visualization
purposes, similarly to Otani et al. [10] (200 s−2 and 800 s−2 in their two cases); these maps
are coloured with the magnitude of the blood flow velocities. Vortices were only created
in the LAA during systole (closed MV) and highly depended on the underlying LA/LAA
morphologies. Case 2, which had a Cauliflower LAA, was the one associated with more
blood flow vortices and with a large number of secondary lobes. This is in agreement with
the hypothesis relating the number of lobes with blood stasis and risk of thrombus forma‐
tion. On the other hand, the Chicken Wing LAA (case 4) did not generated vortices,
confirming clinical studies observing a lower risk of thrombosis in these morphologies.
Furthermore, vortices with low blood flow velocities (dark blue in Fig. 5) were
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consistently located around the LAA ostium or in small secondary lobes, potentially
forming thrombus if blood flow is continuously slowed down in these areas.

The peak Reynolds (Re) numbers for the whole LA (see Table 1) remained in the
blood laminar flow regime for the four cases, having a maximum and a minimum for
the windsock (case 3) and chicken wing (case 4) morphologies, respectively. Case 3 had
three secondary lobes and a very large LA (and PVs) compared with the other cases.
This is probably caused by atrial remodelling due to AF, leading to an increased blood
flow volume that may explain the largest Reynolds number. On the other hand, the
chicken wing morphology (case 4) only had a single smooth main lobe, inducing low
Re values.

Table 1 also summarises several indices related to CFD-derived wall shear stress such
as the time-average wall shear stress (TAWSS), the oscillatory shear index (OSI) and the
relative residence time (RRT), already used to assess the risk of thrombosis [9]. Case 4
(chicken wing) showed the lowest value for TAWSS in the LAA, which coincided with
having only a main smooth lobe and the largest LAA volume. At the same time, this LAA
morphology was associated with the largest RRT, implying the presence of areas where
stagnation of blood flow is promoted. The largest value of the OSI index, associated to
WSS vector deflection from blood flow predominant direction, was found in case 1; this
was the cactus morphology, which had the most tortuous LAA, with its apex in the same
plane than the ostium. Case 3 (windsock) also presented a relatively small TAWSS in the
LAA even though it had the smallest LAA volume. One of the main characteristics of this
case was its substantially larger LA and PV dimensions, leading to an increased blood flow
volume (and higher TAWSS in the LA). This shows the relevance of analysing LAA
haemodynamics considering the geometrical characteristics of the whole LA (and PV).

Fig. 4. Blood flow velocity streamlines with LPV (top) or RPV (bottom) origin at two time-points
in systole and diastole. (a–b) Case 1 (cactus); (c–d) Case 4 (chicken wing).
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Case 3 will arguably be the hardest to implant a LAA occluder device due to the small
landing zone area and an elevated presence of flow vortices.

4 Conclusions

Haemodynamics from CFD simulations and morphometric parameters from medical
images were analysed in four patient-specific LA/LAA geometries corresponding to AF
patients. A high number of secondary lobes and regions around the ostium were related
with flow vortices and low velocities, which has been associated to high risk of throm‐
bosis. Nevertheless, a deeper and more quantitative joint analysis of blood flow and
geometrical indices is still required to better understand this process. Future work will
focus on the validation of simulations with echocardiographic images and pressure meas‐
urements. Additionally, motion information will be included into the CFD simulations
accounting for global and local mechanically derived changes (e.g. overall LA volume
reduction and mitral valve ring displacement) in different phases of the cardiac cycle.
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Abstract. Magnetic resonance elastography (MRE) has been used
to estimate myocardial stiffness. However, inversion methods typically
introduce unrealistic assumptions. The virtual fields method (VFM) has
been proposed for estimating material stiffness from image data. This
study applied the optimised VFM to identify transversely isotropic mate-
rial properties from both simulated harmonic displacements in a left ven-
tricular (LV) model with added Gaussian noise and isotropic phantom
MRE data. Two material model formulations were implemented, estimat-
ing three and five material properties. In the LV model, mean estimated
moduli were more accurate from the five-parameter estimation than the
three-parameter estimation. In the isotropic phantom experiment, where
the material was assigned an arbitrary fibre orientation, results accu-
rately revealed an isotropic material (G12 = G13) and estimated shear
moduli were close to reference values. This preliminary investigation
showed the feasibility and limitations of the VFM to identify transversely
isotropic material properties from MRE.

Keywords: Magnetic resonance elastography · Transverse isotropy ·
Optimised virtual fields

1 Introduction

Myocardial stiffness is an important determinant of cardiac function, and sig-
nificant increases in global stiffness are thought to be associated with diastolic
heart failure [21]. However, myocardial stiffness is not widely measured clini-
cally or in research studies due to the invasiveness of measurements. Therefore,
c© Springer International Publishing AG 2017
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a non-invasive estimate of myocardial stiffness may be useful to characterise car-
diovascular disease. Magnetic resonance elastography (MRE) has developed over
the past two decades as a non-invasive method of estimating stiffness of biolog-
ical tissue. Numerous inversion algorithms exist (e.g. manual, direct inversion
of the Helmholtz wave equation, local frequency estimation, etc.) which, for the
most part, assume that the tissue is isotropic and infinite. Myocardial stiffness,
however, is anisotropic due to its fibrous architecture and can be modelled by
a transversely isotropic (TI) material law with the greatest stiffness in the fibre
direction.

In the case of TI, a linearly elastic material can be fully described by five
independent parameters. However, all five parameters can be difficult to estimate
from elastography displacements since three parameters depend on accurate
estimation of the longitudinal (dilatational) wave speed (due to compressibil-
ity), which is on the order of 300 times greater than the shear (distortional) wave
speed. Therefore, other studies have reduced the number of estimated parameters
to either two (e.g. [3]) or three parameters (e.g. [16]), avoiding estimation of com-
pressibility. Only one paper (to our knowledge) has estimated all five independent
parameters from MRE displacements [15].

The virtual fields method (VFM), based on the variational formulation of the
equilibrium equations, is an inverse method that has previously been applied
to MRE displacement data to estimate isotropic shear moduli (e.g. [12,14]).
An optimised VFM has also been implemented, that minimises the impact of
Gaussian noise on the estimated shear modulus [4]. In this study, the optimised
method was adapted for the estimation of TI material properties from simulated
LV harmonic displacements with added Gaussian noise and from isotropic phan-
tom MRE data. Two material model formulations were tested, estimating both
five and three material parameters.

2 Methods

2.1 Left Ventricular Simulations

Simulations of steady-state harmonic motion were performed in an anatomically
realistic canine LV geometry. Physiologically realistic helical fibers [10] measured
from histology were embedded in the geometric finite element model by inter-
polating nodal parameters. A loading test was carried out where 64 different
loading combinations of x, y and z prescribed displacement on two surfaces, one
apical and one anterior, were investigated by simulating steady-state harmonic
motion. The loading conditions which resulted in the best identification of TI
properties were then used subsequently for further analyses with noise. For con-
ciseness, the results from all 64 tests are not shown in this paper. The best
resulting load combinations for the three-parameter estimation method was a
harmonic displacement at 80 Hz prescribed to the anterior surface nodes in the
[1, 1, 1] direction as well as an apical displacement applied in the [0, 1, 1] direc-
tion. For the five-parameter estimation method, the best results occurred with
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a) b) c)

d) e)

mm

0.35

0

Fig. 1. LV finite element model illustrating (a) anterior surface nodes, (b) apical surface
nodes, (c) fibre field measured from histology, (d) reference displacement field #1,
anterior nodal displacement = [1, 1, 1], apical nodal displacement = [0, 1, 1] and (e)
reference displacement field #2, anterior nodal displacement = [0, 0, 1], apical nodal
displacement = [0, 1, 1].

a prescribed load on the anterior surface in the [0, 0, 1] direction and on the
apical surface in the [0, 1, 1] direction (Fig. 1).

Reference stiffness values were defined based on cardiac anisotropic shear
moduli measured from ultrasound elastography [6]. The fiber direction was
assigned a Young’s modulus (E3) of 10.5 kPa, moduli in the transverse direc-
tions (E1, E2) were set to 6.5 kPa and the fiber shear moduli (G13, G23) were
set to 2.5 kPa. The structural damping coefficient was set to 0.1; the Poisson’s
ratio was set to 0.4999 as cardiac tissue is largely incompressible; and a density of
1.06 g/cm3 was assumed. Gaussian noise (σnoise = 15% ·σ|disp|) was added to the
displacements prior to material parameter estimation. A Monte-Carlo simulation
was run (30 repeated simulations) with random Gaussian noise re-generated at
each run.

2.2 Isotropic Phantom

Magnetic resonance elastography images of a PVC cylindrical gel phantom
were obtained using a 3T MR scanner (Tim Trio, Siemens Healthcare, Erlan-
gen, Germany) with gradients of 27 mT/m (2.7 G/cm) and a slew rate of
164 µs (TE/TR = 21.27/25 ms). A pneumatic driver system (Resoundant Inc.,
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Rochester, MN) was used to apply a harmonic load to the bottom surface of
the phantom at 60 Hz. Phase-contrast images (native resolution = 128× 64 vox-
els, reconstructed resolution = 256× 256 voxels, slice thickness = 5 mm, FOV =
250 mm× 250 mm) were collected at 16 longitudinal locations in the mid-region
of the phantom. The cylindrical phantom had a radius of 76.2 mm and a height
of 127 mm. At each location, 12 images were collected that encoded phase in
three orthogonal directions at four phase offsets relative to the induced har-
monic motion. A discrete Fourier transform was used to fit a sinusoid to the four
phase offsets at each pixel in each direction. A finite element mesh was developed
to represent the geometry of the imaged portion of the cylindrical phantom.

2.3 Transversely Isotropic Optimised VFM

The virtual fields method (VFM) utilises the principle of virtual work, which
generally states that “a continuous body is at equilibrium if the virtual work
of all forces acting on the body is null for any kinematically admissible virtual
displacement.” [13] The principle of virtual work is mathematically written as:

−
∫
V

σ : ε∗dV +
∫
S

T · u∗dS +
∫
V

b · u∗dV =
∫
V

ρa · u∗dV. (1)

The test function (u∗), in this case a complex valued harmonic displacement
field, was set to zero on the boundaries, eliminating the boundary traction term
(
∫
S

T · u∗dS). Body forces (b) were assumed to be negligible and the forcing
frequency was assumed to be the same as the resulting displacement frequency.
Acceleration (a) can be written in terms of the angular frequency (ω) and dis-
placement (u). Thus, (1) was simplified to:

−
∫
V

σ : ε∗dV =
∫
V

ρω2u · u∗dV, (2)

where σ is the internal stress, ε∗ is the virtual strain field, ρ is the material
density, ω is the loading frequency and u∗ is the virtual displacement field.

In the first TI model formulation, all five independent parameters of the elas-
ticity matrix, C11, C33, C44, C66 and C13, were estimated. The internal stress
was written as a function of these five unknown parameters multiplied by the
measured strains. Since five parameters were estimated, applying five indepen-
dent virtual displacements fields (u∗) led to a set of five linear equations and
five unknowns. Then, the optimised VFM [2] was implemented. By assuming an
analytic model of noise, which is based solely on the virtual displacement field,
the method obtained the optimal virtual field which minimised the variance in
the estimated parameters due to Gaussian noise in the measured displacements.
Then, the material constants: E1, E3, G12, G13 and ν13, were directly calculated
from the inverse of the elasticity matrix.
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In the second formulation, the TI model was rewritten in terms of four
parameters: κ, G12, G13 and τ [8].

C11 = κ +
8
9
G12 +

4
9
τ C13 = κ +

2
9
G12 − 8

9
τ

C33 = κ − 4
9
G12 +

16
9

τ C12 = κ − 10
9

G12 +
4
9
τ

C44 = G12 C66 = G13,

(3)

where τ = G12 · E3/E1. This formulation lent itself to separating the longitu-
dinal wave motion (dominated by κ) from the shear wave motion. Specialised
conditions were applied to the numeric virtual fields to ensure that the term
multiplied by κ was zero, thus, only three parameters were estimated: G12, G13

and τ . Assuming incompressibility (ν = 0.5), the Young’s moduli were then
calculated from the three estimated parameters.

The anisotropic optimised VFM required estimated material parameters to
construct the minimisation matrix (which estimates variance of parameters due
to Gaussian noise). Therefore, the method was iterative, during which, the
parameters were updated on each calculation of the virtual displacement fields.
The steps were repeated until the relative change in estimated parameters was
less than 0.1% between two consecutive iterations. The maximum number of
iterations was set to 100.

3 Results

All results from the five- and three-parameter estimation methods applied to
the LV simulated harmonic displacements and phantom MRE data are shown
in Table 1.

3.1 Left Ventricular Simulations

Five parameters were estimated for the entire region of the LV from simulated
harmonic displacement fields without and with added Gaussian noise for both
loading cases. In the first loading case with Gaussian noise, 20 out of 30 Monte-
Carlo simulations did not converge within 100 iterations. In the second loading
case, 22 out of 30 simulations converged. Results of the remaining simulations
are shown below in Fig. 2. In the three-parameter estimation of both loading
cases, all Monte-Carlo simulations converged to a solution. The three-parameter
estimation method consistently overestimated all parameters. In comparison,
the mean parameter estimates of the simulations with noise resulting from the
five-parameter method were more accurate on average. However, five-parameter
estimates showed large variation compared with the three-parameter method.
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Table 1. Results from five- and three-parameter optimised VFM estimation for the
LV model and phantom MRE data.

G12 (kPa) G13 (kPa) E1 (kPa) E3 (kPa)

LV reference parameters 1.923 2.5 6.5 10.5

Phantom reference parameters 5.45 5.45 16.35 16.35

5 parameter estimation

LV (Load case #1) 1.768 2.333 6.201 12.321

LV (Load case #1 + Noise) 1.752 ± 0.136 2.351 ± 0.115 6.337 ± 0.735 12.173 ± 1.167

LV (Load case #2) 1.937 2.439 6.629 10.502

LV (Load case #2 + Noise) 2.028 ± 0.242 2.528 ± 0.216 8.484 ± 3.553 11.597 ± 3.857

Phantom 5.388 ± 1.418 5.390 ± 0.183 14.684 ± 30.663 2.411 ± 27.260

3 parameter estimation

LV (Load case #1) 2.135 2.741 7.249 11.991

LV (Load case #1 + Noise) 2.076 ± 0.058 2.694 ± 0.055 7.094 ± 0.189 12.176 ± 0.620

LV (Load case #2) 2.656 3.301 8.962 14.315

LV (Load case #2 + Noise) 2.573 ± 0.107 3.165 ± 0.076 8.724 ± 0.294 14.363 ± 0.641

Phantom 5.959 ± 1.685 5.341 ± 0.183 17.442 ± 3.308 18.079 ± 3.378
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Fig. 2. Resulting estimated (a) transverse shear modulus (G12), (b) fibre shear modulus
(G13), (c) transverse Young’s modulus (E1) and (d) fibre Young’s modulus (E3) for
converged Monte-Carlo simulations from the five-parameter (5p) and three-parameter
(3p) estimation methods for both loading cases (−1 and −2). Reference parameters
are shown by red dotted lines. (Color figure online)
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3.2 Isotropic Phantom

The five- and three-parameter inversion methods were applied to the isotropic
phantom MRE data and the stiffness was estimated for 18 subzones. The mean
shear moduli were close to those estimated by a finite element model update
(FEMU: 5.55 kPa) and multi-modal direct inversion (MMDI: 5.45 kPa) method.
Since the phantom is isotropic, an arbitrary material orientation was assigned
in the [0, 0, 1] direction and the optimised VFM accurately estimated equiva-
lent mean shear moduli (G12 and G13). In the five-parameter estimation, the
estimated Young’s moduli (E1 and E3) showed wide variation, from −70 kPa to
80 kPa. In contrast, in the three-parameter estimation method, the calculated
Young’s moduli showed much smaller variation within physically realistic ranges.
Estimated parameters for all phantom subzones estimated by each method are
shown in Fig. 3.

Fig. 3. Resulting estimated (a)/(c) shear moduli (G12 and G13) and (b)/(d) Young’s
moduli (E1 and E3) for all subzones from the five-parameter (a and b) and three-
parameter (c and d) estimation methods. The shear moduli measured by the MMDI
and FEMU methods are shown by the black and red dotted lines, respectively in (a)
and (c).

4 Discussion and Conclusions

The five-parameter optimised VFM did not converge to a solution in 20 noise
cases and 8 noise cases for the first and second loading cases, respectively. In
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the three-parameter estimation method, all values of G12, G13, E1 and E3 were
overestimated, but were more accurate in the first loading case. All Monte-Carlo
simulations converged to a solution in the three-parameter method, showing
that this method was more robust to noise than the five-parameter method. The
results clearly show that the accurate identification of material parameters is
dependent on the loading configuration and material law formulation.

Shear moduli of the phantom were accurately estimated from both the five-
and three-parameter methods. However, with the current loading configuration
and arbitrary material orientation, the Young’s moduli estimated for each sub-
zone varied greatly and were not identified accurately. In the five-parameter
method, accurate estimation of Young’s moduli depends on the measurement
of the longitudinal (compressional) wavelength. The dimensions of the imaged
region of the phantom were much smaller than the approximate longitudinal
wavelength and thus an accurate estimation was not feasible. Since the three-
parameter estimation method removes the contribution of the bulk modulus in
the parameter identification, it does not require the estimation of the longitu-
dinal wavelength. Consequently, all estimated values for G12, G13 and τ in the
phantom were within physiological ranges. The mean estimates of G12, G13 and
τ erred from the FEMU estimate of isotropic shear by 7.37%, 3.77% and 8.29%,
respectively.

Isotropic myocardial shear stiffness has previously been measured from MRE
experiments [7,9,11,19] and so it is assumed that sufficient wave propagation in
the heart can be achieved experimentally. Additionally, it is assumed that with
an 80 Hz excitation frequency, the myocardium can be assumed stationary since
motion of the heart due to the cardiac cycle is on the order of 1 Hz. The loading
conditions applied to the LV model in this experiment were chosen based on
the loading which gives the most accurate identification of TI parameters using
both the three-parameter and five-parameter optimised virtual fields method.
The loading does not necessarily represent the true harmonic motion that would
occur in the left ventricle during cardiac MRE. However, this was an initial
test of feasibility to estimate TI properties in a realistic LV geometry with a
physiological fibre field in the presence of noise.

Current methods for estimating myocardial stiffness in-vivo require invasive
pressure measurements to estimate hyperelastic non-linear quasi-static material
parameters by matching modelled inflation to the cardiac geometry measured
from MR images given the pressure loading conditions [1,20]. MR elastography
provides a non-invasive means of measuring linear dynamic cardiac tissue stiff-
ness, eliminating the need for invasive LV pressure measurement. This study
shows the feasibility of non-invasively estimating linearly elastic TI material
properties from the harmonic displacement field in an LV model.

Two recent studies [17,18] estimated TI properties of tissue from MRE
using simulated data. In one study [17], error in a parameter representing the
anisotropic tensile ratio (ζ = E3/E1 − 1) was typically at least 50% without
added noise. Therefore, our study achieved improved identification of tensile
parameters compared with previous MRE anisotropic inversion methods.
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Overall, these initial results show the feasibility of estimating TI material
properties from simulated harmonic displacements in the LV model as well
as from MRE displacements measured from an isotropic phantom using the
anisotropic optimised VFM. Unlike other inversion methods, the optimised VFM
does not assume that the medium is isotropic and infinite. Additionally, the
three-parameter method bypasses the need to estimate the longitudinal wave-
length and appears to be more robust in reaching a converged solution in the
presence of noise.

However, values estimated with the three-parameter method were consis-
tently overestimated. At this point, the reason for the systematic error is not
clear. Previous results from similar testing in a beam geometry (not published)
did not exhibit this systematic overestimation. Additionally, it was not present
in the phantom results. One possible cause may be the limited mesh resolution
in the LV model. A previous study [5] reported that the accuracy of isotropic
parameter estimation using the optimised VFM is dependent on the number
of elements per wavelength. Eight elements per wavelength resulted in approx-
imately 5% error in the estimation of an isotropic shear modulus. As can be
visually estimated from the displacement field in Fig. 1e, in some places in the
LV model, there are as few as four elements per wavelength. Additionally, as
stated previously, any nodes on the boundary of the FE model were prescribed a
virtual displacement of zero since traction forces were assumed to be unknown.
Thus, in the LV model, there were only three “free” nodes in the transmural
direction with which to estimate the wavelength, which may not be sufficient.

More work needs to be done investigating the effect of mesh resolution and
loading configurations to gain a clearer understanding of their impact on esti-
mated parameters in both the three-parameter and five-parameter material for-
mulations. In the future, this method will also be applied to in-vivo cardiac MRE
displacement data.
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Abstract. Computer models of the heart are of increasing interest for
clinical applications due to their discriminative and predictive abilities.
However the number of simulation parameters in these models can be
high and expert knowledge is required to properly design studies involv-
ing these models, and analyse the results. In particular it is important
to know how the parameters vary in various clinical or physiological set-
tings. In this paper we build a data-driven model of cardiovascular para-
meter evolution during digestion, from a clinical study involving more
than 80 patients. We first present a method for longitudinal parameter
estimation in 3D cardiac models, which we apply to 21 patient-specific
hearts geometries at two instants of the study, for 6 parameters (two fixed
and four time-varying parameters). From these personalised hearts, we
then extract and validate a law which links the changes of cardiac output
and heart rate under constant arterial pressure to the evolution of these
parameters, thus enabling the fast simulation of hearts during digestion
for future patients.

1 Introduction

The main function of the heart is to create the necessary blood flow through the
cardiovascular system, so that the oxygen supply of all the organs meets their
needs. When an organ or a part of the body needs more energy (such as the
muscles during exercise, or the digestive system during digestion), the heart rate
and the blood flow increase because the overall demand in oxygen is higher.

The main changes in the cardiac function leading to an increase of the cardiac
output are an increased heart rate, a decreased action potential duration and
an increased contractility (positive inotropy). When the cardiac output increase
is small (such as digestion or a mild exercice), the systolic pressure usually
c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 432–440, 2017.
DOI: 10.1007/978-3-319-59448-4 41
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increases but the diastolic pressure is constant, the latter being a consequence
of the dilation of the arteries which lowers the arterial resistance [1]. Those
qualitative changes are well-known, but are rarely quantified in the context of
3D cardiac electromechanical models, in part because most studies only involve
personalisations on a single beat only (see [2] for a complete review).

A clinical study was performed in [3] to assess the cardiovascular response to
a food stress protocol, involving the ingestion of a high-energy meal after fast-
ing for 12 h. From the data of this study, we propose a consistent estimation of
patient-specific 3D cardiac electromechanical models at two different instants of
the protocol (pre-ingestion and t+1h). We first calibrate both the biomechanical
parameters which are constant in time (such as the myocardial fibre directions)
and time-varying (such as the arterial resistance) from the pre-ingestion measure-
ments and heart motion extracted from the MRI. Then, we re-estimate values of
the time-varying parameters (contractility and haemodynamics parameters) to
reproduce changes in cardiac output and blood pressure at the second instant.

From these personalised simulations, we analyse the trends of the estimated
parameters in relation to known physiological changes during mild exercise [4,5].
Finally, we build a law of evolution of the biomechanical parameters which leads
to arbitrary changes of both the simulated cardiac output and stroke volume,
while maintaining the same mean and diastolic pressure. The good accuracy of
this law, which we validate with cross-validation over the 21 patients, then opens
the door to the fast simulation of hearts during digestion in future patients.

2 Clinical Study and Data

More than 80 patients participated to a clinical study to assess the cardiovas-
cular response after the ingestion of a high-energy (1635 kcal), high-fat (142 g)
meal after fasting for 12 h, following the stress protocol in [3]. Informed con-
sent was obtained from the subjects and the protocol was approved by the local
Research Ethics Committee. An objective of the study was to analyze the evo-
lution of blood flow toward the various organs of the body. In particular, a short
axis cardiac cine MRI sequence was acquired before the ingestion, as well as
measurements of the stroke volume, systolic, diastolic and mean cuff pressures
at several time points within 1 h of the ingestion of the meal. Two instants are
considered in particular: T1 which is before the meal ingestion, and the latest
measurement time T2 around 1 h after ingestion, which also corresponds to the
peak of the increased cardiac activity.

Overall (see Table 1), an increase of both the Heart Rate (HR) and the Car-
diac Output (CO) of around 17% was observed. There were no significative
changes in the values of the Systolic, Diastolic and Mean cuff pressure (SP, DP,
MP) during the 1 h process of digestion (beyond the intra-patient variability of
the measurements). Finally the Stroke Volume (SV) was constant on average but
the measurement showed a high inter-patient variability of the evolution (11%).

Additionally, we tracked the boundaries of the endocardium over the entire
cine MRI sequence acquired at T1, then extracted from this sequence a point at
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Table 1. Statistics of the measurements and their evolution Δ between T1 and T2 (in
percentage of the value at T1). Systolic, Diastolic and Mean cuff Pressure (SP, DP,
MP), Stroke Volume (SV), Cardiac Output (CO) and Heart Rate (HR).

SP (mmHg) DP (mmHg) MP (mmHg) SV (mL) CO (L/min) HR (bpm)

Mean 117.13 60.95 84.16 92.11 6.17 67.65

Std 9.99 6.45 5.98 19.69 1.34 10.25

Mean Δ
(%)

− − − −0.10 17.58 17.76

Std. Δ
(%)

− − − 11.43 17.74 13.19

the apex of the left ventricle and one at the top of the left ventricle septum. This
was used to calculate the Septal Shortening (SS) as the maximal shortening of
the distance between these two points during the cycle. It has an average value
of −17% and a standard deviation of 3.7% across the population.

3 Patient-Specific Cardiac Modelling

3.1 3D Electromechanical Cardiac Model

We performed 3D cardiac modelling for 21 of these patients. A high-resolution
biventricular tetrahedral mesh of the patient’s heart morphology was extracted
as in [6] from the pre-ingestion MRI at T1, made of around 15 000 nodes. On this
mesh, a myocardial fibre direction can be defined at each node of the mesh (see
Fig. 1a), by varying the elevation angles of the fibre across the myocardial wall
from α1 on the epicardium to α2 degrees on the endocardium. In this paper,
α2 is set at the default value of 90o and α1 is a variable parameters in our
experiments.

Fig. 1. (a): 3D heart geometry with myocardial fibres directions, (b): Schema and
rheological model and of the Windkessel model (figure from [7])
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The depolarization times across the myocardium were computed with the
Multi-front Eikonal method [8]. The APD is set from the Heart Rate with clas-
sical values of the restitution curve and default values of conductivities are used
as in [9]. Myocardial forces are computed based on the Bestel-Clement-Sorine
model as detailed in [10]. It models the forces as the combination of an active con-
traction force in the direction of the fibre, in parallel with a passive anisotropic
hyperelasticity driven by the Mooney-Rivlin strain energy. In this paper, we
only consider two main parameters of the model: the Maximal Contractility σ
and the Passive Stiffness c1. Finally for the haemodynamics, the pressure in the
cardiac chambers are described by global values, and the mechanical equations
are coupled with a circulation model implementing the 4 phases of the cardiac
cycle [11].

In particular the pressure of the aortic artery Par (cardiac after-load) is mod-
eled with a 4-parameter Windkessel model [7], which describes the evolution of
arterial blood pressure with the second-order equation of an electric circuit (see
Fig. 1b). The blood inertia is modeled by the inductance L, the arterial com-
pliance by a capacity C and the proximal and distal (peripheral) resistances
respectively by a resistance ZC and R (see Fig. 1b). Finally, the venous pressure
Pve models the mean pressure in the venous system. In the following, ZC and L
are fixed at a default value (see [11]) while C, R and Pve are variable parameters.

3.2 Longitudinal Parameter Estimation

After building the heart mesh geometry, parameter estimation is the next step in
order to have model simulations which reproduce the available data. Considering
a set of simulated quantities called the “outputs” O (such as the Stroke Volume
or the Mean Pressure for example), and a set of model parameters P , it consists
in finding adequate values x of the parameters such that the output values O(x)
in the 3D model simulation fit the “target values” ̂O available in the data. This
is done by performing an optimization of the parameter values x in order to
minimize a distance S(x, ̂O) = ||O(x) − ̂O||S between the simulated values O(x)
and the target values ̂O (normalised to compare quantities with different units).

For each patient, we have here measurements of different varying quantities
at the two instants T1 and T2 (such as the stroke volume and the heart rate),
so we need to estimate different values for some cardiac model parameters (in
particular the haemodynamic parameters) at these two instants. On the other
hand, during the time-scale of the study (1 h on average), some parameters of
the cardiac model can be considered constant. This is the case of the Epicardial
Fibre Elevation Angle α1 for example, or the cardiac stiffness c1. In order to
have consistent sets of estimated parameters at these two different instants, we
need to use the same values for these parameters at these two instants.

To that end, we perform a two-step parameter estimation. First, we estimate
values of both the fixed and varying parameters from the data at T1. Then we
reuse the estimated values of the fixed parameters for T2 and estimate new values
for the varying parameters only, from the data at T2. As summarized in Table,
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Table 2. Estimated parameters and target outputs in the parameter estimations at
T1 and T2. Constant parameters whose values are reused for the estimation at T2 are
outlined in bold. The heart rate in the simulations for the estimation at T1 (resp T2)
correspond to the measured value at T1 (resp T2).

Estimated parameters at T1 Target outputs at T1

Passive Stiffness c1
Epicardial Fibre Elevation Angle α1

Maximal Contractility σ
Aortic Peripheral Resistance R
Aortic Compliance C
Venous Pressure Pve

Septal Shortening
Stroke volume at T1

Aortic Diastolic Pressure
Aortic Mean Pressure

Estimated parameters at T2 Target Outputs at T2

Maximal Contractility σ
Aortic peripheral Resistance R
Aortic Compliance C
Venous Pressure Pve

Stroke volume at T2

Aortic Diastolic Pressure
Aortic Mean Pressure

we then have two distinct Parameter Estimation problems: the estimation of 6
parameters values in order to fit 4 target output values at T1 (with the heart rate
of the simulations set to its value at T1). Then the estimation of 4 parameters
values in order to fit 3 target output values at T2 (with the heart rate at T2)
(Table 2).

The optimisation was performed with an extended version of the framework
described in [12]: the main algorithm is the CMA-ES genetic algorithm, which
asks at each iteration for the score of a high number of 3D simulations. Instead
of actually computing all these 3D simulations, we only compute a few within
the parameter space (2N + 1 where N is the number of estimated parameters).
Then we build a “low-fidelity” surrogate model [13] from these simulations which
allows to approximate the outputs of the 3D simulations for many successive
iterations of the algorithm, without performing all the 3D simulations. This
robust and efficient “multifidelity optimization” allows a very fast exploration
of large parameter sets with a low computational cost. In particular for the
two problems at T1 and T2, we performed the optimization for the 21 patients
simultaneously and the convergence was reached in around two days.

4 Exploitation of Estimated Parameters

4.1 Analysis of Parameter Trends in the Population

Across the 21 patients and the two estimations, the average fit error on the target
ouput values are 1.9 mL for the Stroke Volume, 1% for the Septal Shortening,
and 0.1 mmHg for both the mean and diastolic pressures, with few outliers. As
a consequence of this step, we now have a population of 21 personalised patient
hearts at two instants. For each parameter, we report in Table 3 the mean and
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Table 3. Statistics of the estimated parameters and of the difference Δ between esti-
mated parameters at T1 and T2

c1 (kPa) α1 (◦) σ (MPa) Pve (mmHg) R (MPa.m3.s) C (MPa-1.m-3)

Mean 54.2e1 −58.7 82.6 48.3 47.4 6.23e-3

Std 27.7e1 2.94 34.0 12.9 17.2 1.98e-3

Mean Δ - - −1.52% 6.93% −14.2% −7.30%

Fig. 2. (a): (MP-Pve)/CO as a function of R, (b): SV/(MP-DP) as a function of C,
(c): Δσ (%) as a function of ΔSV (%)

standard deviation of its estimated values at T1 across the 21 patients, as well as
the mean of its evolution Δ between the instants T1 and T2 (difference between
the values estimated at T2 and T1).

The first remark is that on average, the parameters R which models the
arterial peripheral resistance decreases by 14%. This was expected and corre-
sponds to findings in [3]. In a clinical setting the peripheral resistance is indeed
computed as the ratio between the blood flow and the blood pressure, and a
similar relationship can be derived in the model: as shown in Fig. 2a the ratio
(MP-Pve)/CO is almost exactly equal to the peripheral resistance R in our simu-
lations. Across the population, since the cardiac output CO increases by around
17% but the pressures are constant, the peripheral resistance has to decrease by
a close number (14.2% here) on average.

We then notice both an average increase of the venous pressure Pve and
decrease of the arterial compliance C. These two trends can be explained as
to compensate the decrease of the resistance and avoid a drop in the mean
blood pressure. Indeed, in the model, a decrease of R leads to a decrease of
the “characteristic time” τ = RC at which the blood pressure decreases from
the systolic pressure to the “asymptotic pressure” Pve. A decrease of R only
leads then to a decrease of the mean pressure. On the other hand, a decrease of
C leads to an increase of the “pulse pressure” (difference between systolic and
diastolic pressure) since C links an increase of arterial volume to an increase
of arterial pressure with the formula CΔP = ΔV (a less compliant aorta has
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a higher pulse pressure for the same stroke volume). This contributes to the
increase of the mean pressure (see Fig. 2b), and it is also the case of the increase
of Pve. Interestingly, we can note that these two trends (decrease of the arterial
compliance and increase of venous pressure) in parameters correspond to actual
cardiovascular phenomena which are commonly observed during exercise [4,5].

Finally, we can also observe a high correlation between changes in the Maxi-
mal Contractility σ and changes in the ejected volume, as shown in Fig. 2c. This
is also a known phenomenon in cardiac dynamics, in particular at the core of
the Starling Effect.

4.2 Parameter Evolution Law

From this data and the estimated parameters, we then build a law f which,
from a given simulation, gives variations of the electromechanical parameters σ,
Pve, R and C which leads to a new simulation with prescribed changes in heart
period (HP) and stroke volume (SV) while having same mean and diastolic
pressures: f(ΔHP,ΔSV ) = (Δσ,ΔPve,ΔR,ΔC)

This is done by computing a multivariate regression between the changes
(in %) in Heart Rate and Stroke Volume and the changes in the estimated
parameters values at the two instants T1 and T2, for the 21 patients. We report
in Table 4 the coefficients of this multivariate regression:

The predicted variations of parameters with the variations of the heart period
(ΔHP) are consistent with the mean variations across the population described
earlier. Interestingly with the coefficients of the second row (ΔSV), we can also
note how the parameters have to change for an increase in Stroke Volume only
with constant pressures.

We finally tested the accuracy of this law with a leave-one-out approach:
for each patient, we computed the regression f from the data and estimated
parameters of all the others patients. Then we changed the baseline parameters
(at T1) of this patient with the parameters predicted from f , and simulated the
Pressure and Stroke Volume values at T2. The obtained results were accurate:
on average, the target Stroke Volume at T2 was predicted within 1.9 mL and the
mean absolute variations in Diastolic and Mean Pressure were within 2.1 mmHG,
which is beyond the variability of both the intra-patient and population vari-
abilities.

Table 4. Coefficient of the multivariate regression f

Δσ Δ Pve ΔR ΔC

Δ HP −0.02 −0.15 1.20 0.51

Δ SV 3.05 0.52 −1.04 1.19
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5 Conclusion and Discussion

In this manuscript we performed a consistent longitudinal estimation of cardiac
model parameters for 21 patient-specific hearts at two different instants within
a 1 h time span, from clinical data. This was done through two successive para-
meter estimation problems: we first estimated 6 parameters to fit the simulated
Stroke Volume, the Septal Shortening and the Mean and Diastolic Pressures to
their values at the first instant. Then we reused the estimated values of the fixed
parameters at this step and performed a second estimation of 4 parameters to fit
values of Stroke Volume and Pressures at the second instant. This was done in
parallel for the 21 hearts in around two days and a maximum of 150 simulations
of the 3D model per patient.

From those personalised hearts, we identified relationships between the esti-
mated parameters and the simulated pressure and volume outputs, and linked
their evolution between these two instants to classical physiological phenomena.
Then we extracted a law which computes changes of electromechanical parame-
ters from changes of stroke volume and heart rate with constant pressure. This
law allows in particular to easily simulate the changes observed between the two
instants without having to perform the parameter estimation step at the second
instant. This was evaluated in a leave-one-out test and showed that it can predict
accurately changes in the model parameters.

A first direct continuation of this work would be to quantify (from further
data) to what extent this law holds for changes of cardiac outputs which are
more important (digestion can be seen as a ’mild’ exercise and it is known
for example that blood pressure rises during more intense exercises). Finally,
for future patients, it could also be interesting to evaluate to what extent the
changes in both the Stroke Volume and the Heart Rate can be predicted, and
use our law to simulate the predicted heartbeats.
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Abstract. The simulation of cardiac blood flow using patient-specific
geometries can help for the diagnosis and treatment of cardiac diseases.
Current patient-specific cardiac flow simulations requires a significant
amount of human expertise and time to pre-process image data and
obtain a case ready for simulations. A new procedure is proposed to
alleviate this pre-processing by registering a unique generic mesh on
patient-specific cardiac segmentations and transferring appropriately the
spatiotemporal dynamics of the ventricle. The method is applied on real
patient data acquired from 3D ultrasound imaging. Both a healthy and
a pathological conditions are simulated. The resulting simulations exhib-
ited physiological flow behavior in cardiac cavities. The experiments con-
firm a significant reduction in pre-processing work.

Keywords: Patient-specific · Numerical simulation · Registration ·
Mitral regurgitation

1 Introduction

In order to reduce the deadly impact of cardiovascular diseases, efforts are made
to improve diagnosis and treatments of patients. Numerical simulations of blood
flow within the cardiac cavities provide a better understanding of the intraven-
tricular hemodynamics and hence could be used to improve the diagnosis or
predict the outcome of treatments [1].

The current trend for patient-specific computational fluid dynamics (CFD)
is to rely on image data to personalize the models [2,3]. Several sequential steps
are usually required. The segmentation of images is nowadays almost automated
thanks to robust image processing algorithms. The resulting segmented surfaces,
however, often requires specific manual edition as well as a volumic meshing
step before being ready for numerical simulations. Those manual edition might
involve cleaning the mesh, refining regions of interest, including valves, labeling

c© Springer International Publishing AG 2017
M. Pop and G.A. Wright (Eds.): FIMH 2017, LNCS 10263, pp. 441–449, 2017.
DOI: 10.1007/978-3-319-59448-4 42
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the mesh surfaces for boundary condition and extruding inlets and outlets to
reduce the effect of boundary conditions. Additionally, in the context of car-
diac flow simulations, those pre-processing steps also involve the extraction and
manipulation of the dynamics of the segmented surface in order to provide appro-
priate displacement boundary conditions. It has been reported in a recent review
of patient-specific cardiac flow simulations that around “20–50 hours of human
effort are needed for these pre-processing steps” [1] and similar claims have been
made by others [13].

A new procedure is presented in order to reduce pre-processing time. First,
real-time 3D echocardiography (RT3DE) data acquired on a patient were used
to register a pre-processed generic mesh. Mesh morphing method have been used
previously in bone mechanics [11,12]. Here we propose to use a similar method-
ology to obtain a patient-specific geometry from US image segmentations. The
spatiotemporal data from the patient describing the ventricle dynamics are then
transferred on the registered mesh to perform a patient-specific CFD simulation.
Modifying a simplified valve model, the proposed framework allows to deliver
physiological pressures during the isovolumic phases and this model has further
been modified to allow the modeling of mitral regurgitation (MR), a pathology
referring to a defect of the mitral complex that causes a backflow of blood into
the atrium during ventricular systole, without any additional modifications of
the generic mesh.

2 Methods

2.1 Mathematical Modeling

The generic computational domain (see Fig. 1) includes the left ventricle (LV),
the left atrium (LA) and a part of the ascending aorta. Both the aortic and the
mitral valves were also included in the domain. Blood flow was described using

Fig. 1. (A) Problem domain and (B) pipeline schematic
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the Navier-Stokes equations for a Newtonian incompressible fluid. In order to
account for the motion of the computational domain, the equations were consid-
ered in their Arbitrary Lagrangian Eulerian (ALE) formulation. The aortic and
mitral valves were modeled using a simplified resistive immersed surfaces (RIS)
model [4], for which a dissipative term is added in the system. This dissipa-
tive term can be interpreted as a penalization of the fluid velocity for which the
penalty parameter depends on the open or closed state of the valve. In this work,
two extensions of the RIS model are considered. First, to model valve regurgi-
tation, a space and time varying resistive term R(x, t) is considered allowing
a finer control on which immersed elements are affected. The second extension
concerns the isovolumic phases of the heart cycle. Generally speaking, when a
fluid is enclosed in a cavity under Dirichlet boundary conditions, the pressure is
only determined up to a constant. Numerically, the RIS model overcomes this
issue by imposing a Dirichlet boundary condition via penalization. Nevertheless,
this pressure is not correctly determined. The RIS model has been enhanced
so that the intraventricular pressure is corrected, fitting a given pressure func-
tion Pv(t) inside the ventricle. This additional pressure data can be obtained
by several means (e.g.: measurements or numerical simulations). Defining + as
the distal part (the outside of the ventricle), nΣ as the outer-pointing normal
vector of the surface Σ and [[·]]Σ as the jump operator across the surface Σ, the
interface condition on the valves are:

[[σ(u, p) · nΣ ]]Σ = −RΣ(x, t)(u − w) + (P+
Σ − Pv(t)) · nΣ (1)

The full problem is therefore written as:
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ρ
(∂u

∂t

∣
∣
∣
A

+ (u − w) · ∇u
)

− ∇ · σ(u, p)

=
∑

i={o,c}

[−RΣi
(x, t)(u − w) + (P+

Σi
− Pv(t)) · nΣi

]
δΣi

, Ω(t)

∇ · u = 0 , Ω(t)
u = us , ∂Ωs

σ(u, p) · n = −Ppvn , ∂Ωpv

σ(u, p) · n = −Paon , ∂Ωao

Here, ρ is the fluid density, u is the fluid velocity, w is the domain velocity,
σ(u, p) = −pI + 2με(u) is the fluid Cauchy stress tensor where p is the fluid
pressure, μ is the fluid dynamic viscosity and ε(u) = 1

2

(∇u + ∇uT
)

is the
strain rate tensor. us is the velocity satisfying a no-slip boundary condition
on the solid surfaces, Ppv is the pulmonary vein pressure and Pao is the aortic
pressure calculated from a coupled 0D Windkessel RCR model. This system was
discretized using P1/P1 stabilized finite elements. The surface displacements are
extended within the left heart cavities using an appropriate incremental elastic
operator whose Lamé parameters are updated element-wise to stiffen the smallest
elements ([14,15]). This approach allows to efficiently handle large deformations
without compromising the validity of the mesh.
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2.2 Generic Mesh Registration

The presented work aims to bypass the tedious patient-specific mesh and data
pre-processing. The main idea, described in this section, is to design a unique
generic mesh and to combine it with image data to automatically generate
patient-specific geometries and boundary conditions.

The computational domain was generated from the Zygote 3D Human Heart
Model1 obtained from highly resolved MRI and CT images. The computational
domain is restricted to the LV, LA and a portion of the ascending aorta (Fig. 1).
While the original model contained segmentation of the aortic and mitral valve in
their closed state, the open mitral valve configuration was not available. There-
fore, it was modeled based on anatomical data [5,6] using the CAD software
Salome2. Particular attention has been paid to proper design of valvular leaflets
substructure as recommended in [6]. The model was then post-processed using
the software 3-Matic and a tetrahedral mesh was generated using GHS3D. This
computational domain is referred as the generic mesh, which can be used in
combination with any patient surface segmentation.

Using the software Qlab - 3DQAdvanced Plugin (Philips, Andover, MA),
segmentation and tracking of the left ventricle is automatically performed on
RT3DE images. A sequence of surfaces depicting the left ventricle is obtained
with a time discretization of 25 Hz. By interpolating the position of the vertices
using cubic splines, a time discretization fitting the required simulation time
steps is recovered. Ds

tn→tn+1
denotes the displacement field of the vertices of the

segmented mesh s at time tn to the vertices at time tn+1.
In order to adapt the generic mesh to the patient ventricular surface segmen-

tations, a combination of rigid and non-rigid registration technique was used. A
time reference t0 was chosen as the starting point of the simulation. A coarse
rigid registration step was first performed to align the generic mesh ventricle sur-
face onto the ventricle segmentation. This alignment was achieved by matching
the apexes, longitudinal and radial axis of both geometries. A non-rigid regis-
tration step was then performed. In this second step, it is convenient to preserve
the generic mesh properties in order to remain suitable for CFD simulations.
In that regard, the large deformation diffeomorphic metric mapping (LDDMM)
framework implemented in the open-source software Deformetrica [7] was used
to find a diffeomorphism that maps the generic LV surface to the segmented LV
surface. This diffeomorphism is described as a displacement field Dg

gen→t0 where
the superscript g denotes the definition on all the vertices of the generic ventricle
mesh. The fields Ds were then spatially interpolated onto the generic mesh using
the normalized radial basis function (RBF) framework (2) with a gaussian RBF
φ and a smoothing parameter λ.

Dg
tn→tn+1

(x) =

∑
i Ds

tn→tn+1
(xi)φ(di, λ)

∑
i φ(di, λ)

with di = ‖x − xi‖ (2)

1 http://www.3dscience.com.
2 http://www.salome-platform.org.

http://www.3dscience.com
http://www.salome-platform.org
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Exploiting the ALE formulation, the displacement field Dg
gen→t0 was used as

a boundary condition of an initial mesh motion step allowing the full computa-
tional mesh to deform and fit the segmentation. The full problem described in
Sect. 2.1 was then solved for all time steps using the displacement fields Dg

tn→tn+1

as the ventricle surface boundary condition.

3 Experiment

We evaluated the proposed pipeline on one patient’s dataset. Echocardiographic
images were acquired using an IE33 ultrasound system (Philips, Andover, MA)
equipped with a 1–5 MHz transthoracic matrix array transducer (xMATRIX x5-
1). RT3DE images were reconstructed as volumes over one cardiac cycle from
acquisitions of sub-volumes over four cycles. The volumes were automatically
segmented and tracked as previously described and used as sequence of 25 sur-
face meshes. The cardiac cycles were replicated to allow the computation of
several heart cycles. The generic mesh was composed of 178,348 elements for the
proposed experiment. The registration process of Sect. 2.1 was applied to register
the LV surface of the generic mesh onto the LV segmented surface. Time inter-
vals of 1 ms were used for the time interpolation, and the spatial interpolation
free parameter λ was taken as the average Euclidean distance between vertices
of the segmented mesh.

Once the appropriate displacement fields Dg were computed, the fluid simu-
lation problem described in Sect. 2.2 was solved using the finite element library
FELiScE 3. The blood parameters were μ = 4 Pa s and ρ = 1060 kg/m3. The
simulation was run with a timestep of 1 ms. Ppv was set to 10 mmHg while the
0D RCR model has the following parameter: Rproximal = 150, Rdistal = 2300,
C = 0.9, Pvenous = 0 mmHg and Pdistal,t=0 = 70 mmHg. Two heart cycles (0.8 s
each) were simulated and the reported results were taken from the second one.
Another simulation was performed with a circular hole of 0.5 cm2 in the mitral
valve representing a severe MR [8].

4 Results and Discussions

The results of the registration steps are shown in Fig. 2. The rigid registra-
tion aligns the two ventricles and the non-rigid registration process succeeds
to deform the generic mesh onto the segmented mesh. It should be noted that
the open-source software used allows for the tuning of an accuracy parameter.
While this experiment uses a coarse kernel size, as recommended in the software
documentation, the algorithm still provides good matching accuracy.

Time and space interpolation are then performed to produce the displace-
ment fields Dg at all times. The overlap between the image segmentation and
the deformed generic mesh under the influence of the displacement fields Dg

is shown on Fig. 3. This exhibits the ability of the proposed method to fit the

3 http://felisce.gforge.inria.fr.

http://felisce.gforge.inria.fr
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Fig. 2. Rigid and non-rigid step of the registration of the ventricle surfaces. The white
surface is the generic mesh and the red surface is the output of the image segmentation

Fig. 3. Overlap of the segmented mesh and the deformed generic mesh over one cardiac
cycle

generic mesh onto the segmented surfaces. The complete pipeline was performed
without human intervention in approximately 30 min. Compared to state of the
art methods, it brings several advantages: it decreases the amount of work needed
between the acquisition of the images and the launch of the CFD simulation and
removes the need of a meshing expert.

The CFD simulations took 8 hours on a laptop using a Intel Core i7-4810MQ
cadenced at 2.8 GHz. The evolution of blood during the cardiac cycles is depicted
in Fig. 4. When the ventricular volume starts increasing, the mitral valve opens
and blood enters the LV. The maximum blood velocity reaches approximately
100 cm/s in the mitral valve area. One can notice the presence of a vortex that
detaches from the tip of the mitral valve. Blood then slows down as the E-wave
finishes. A second vortex appears inside the LV in the late diastole correspond-
ing to the A-wave. Those complex flow structures are coherent with the ones
reported in the literature [2,9]. In particular, the presence of the A-wave vortex
is described in [2]. While the contraction of the atrium has not been simulated,
the increase in LV volume recovered by the segmentation allows this behavior to
appear in the presented simulation. As the LV contracts, the blood is then ejected
at a speed of approximately 125 cm/s through the aorta. The blood finally slows
down before the next cardiac cycle.

Figure 5 depicts the simulation including regurgitation. During the systole, a
strong jet of blood comes back to the atrium through the mitral valve orifice. As
reported in the litterature, the maximum velocity is obtained just downstream
of the mitral valve regurgitation (vena contracta). The jet then hits the walls
of the atrium. In the ventricular region, the blood velocity is forming flattened
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Fig. 4. Blood velocity vector field and magnitude on a cut plane

Fig. 5. Regurgitation case: flow convergence region and jet in the atrium

hemispherical isovelocity surfaces. This is coherent with the litterature on mitral
quantification for such a hole geometry [8,10].

One of the limitations of the proposed method is that it includes two free
parameters (λ and the kernel size of the non-rigid algorithm). Fortunately, the
impact of those parameter is intuitive (e.g. λ for the RBF interpolation has a
smoothing effect on the interpolation). Nevertheless, no quantitative analysis was
performed in the presented work and further investigation should be performed.
In this study, the 4D ventricular surface has been used to register a generic mesh
that also includes a portion of the ascending aorta and the atrium. Therefore,
one could argue that the rigid template of the atrium is arbitrary. While we did
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not have access to such data for the present article, a natural extension of the
work would be to use 4D atrial segmentation within the same pipeline to improve
the model. While in the current setting, the atrial geometry is indeed arbitrary,
it is still a richer approach than imposing lumped atrial model at the mitral
valve. In particular it avoids the imposition of unknown boundary conditions in
a zone extremely close to the mitral valve, a region of interest.

Additionally, while the CFD simulations correctly captured the main hemo-
dynamics features, comparisons should be done to assess the quality of the
results. In particular, it is planned to add patient cases in the database and
comparisons of hemodynamic quantities of interest using color Doppler images
will allow to further validate the proposed framework. A more general limitation
of patient-specific methods is concerning the loss of displacement information of
the ventricle in the imaging stage. Indeed, the displacement in the normal direc-
tion of the surface is properly recovered but the tangential displacements are
usually not (unless using specific imaging techniques such as tagged-MRI). The
physiological twisting motion of the ventricle may hence be lost in the segmen-
tation stage. Further work need to address this issue by quantifying the impact
of the tangential ventricle velocity on the hemodynamics. Using a baseline sim-
ulation where the twisting motion is available, one could artificially remove the
twisting motion and compare the main hemodynamic features of the two flow
solutions. This problem could be solved by using anatomical landmarks visible
in the images and using that information to constrain the segmentation process.
Finally, to properly model patient-specific regurgitation, image data could be
used to recover the patient-specific mitral valve regurgitant hole geometries.

5 Conclusion

A procedure was proposed to speed up the mesh pre-processing prior to CFD
simulations of patient-specific cardiac blood flow. This procedure combines a
rigid and non-rigid registration to morph a pre-computed unique generic mesh
using patient-specific data. The ventricle dynamics is then transferred onto the
registered mesh to prescribe appropriate boundary conditions. This pipeline was
tested on RT3DE data and performed in around 30 min (improvement of around
two order of magnitude compared to what is reported in the literature). To
evaluate the pipeline, two CFD simulations were performed. The first simulation
was done on a healthy patient, and in the second one, a hole in the mitral
valve was added to obtain a severe MR. In both simulations, results showed flow
patterns and hemodynamics quantities within the known cardiac physiology and
blood velocities were coherent with the literature.
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Abstract. Many cardiac diseases are associated with changes in ven-
tricular shape. However, in daily practice, the heart is mostly assessed
by 2D echocardiography only. While 3D techniques are available, they
are rarely used. In this paper we analyze to which extent it is possible
to obtain the 3D shape of a left ventricle (LV) using measurements from
2D echocardiography. First, we investigate this using synthetic datasets,
and afterwards, we illustrate it in clinical 2D echocardiography measure-
ments with corresponding 3D meshes obtained using 3D echocardiog-
raphy. We demonstrate that standard measurements taken in 2D allow
quantifying only the ellipsoidal shape of the ventricle, and that capturing
other shape features require either additional geometrical measurements
or clinical information related to shape remodelling. We show that noise
in the measurements is the primary cause for poor association between
the measurements and the LV shape features and that an estimated 10%
level of noise on the 2D measurements limits the recoverability of shape.
Finally we show that clinical variables relating to the clinical history can
substitute the lack of geometric measurements, thus providing alterna-
tives for shape assessment in daily practice.

Keywords: LV shape · LV measurements · Echocardiography · Shape
prediction · LV measurement accuracy

1 Introduction

Many cardiac pathologies are associated with changes in the cardiovascular sys-
tem and in particular the shape of cardiac ventricles [1]. Some pathologies are
associated to very particular changes in the shape, such as infarctions producing
a concavity/aneurysm in one of the walls of the left ventricle (LV) [2]. Addi-
tionally, some conditions determined in fetal life (e.g. tetralogy of Fallot [3] or
c© Springer International Publishing AG 2017
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intra-uterine growth restriction [4]) shown to result in (sometimes subtle) shape
changes that are related to the severity of remodeling and thus might have clin-
ical predictive value above more commonly used parameters like volumes and
ejection fraction.

In daily practice, cardiac imaging is primarily carried out by 2D echocar-
diography. 2D echo has a good temporal resolution and a reasonable spatial
resolution. It is also cheap and can be operated at bedside. Its problem is that
it only allows to image a slice of the heart in each acquisition. This makes it
difficult to assess the shape, as the whole heart is not observable from a single
acquisition, but several views must be combined.

Even if 3D imaging techniques are available that give a complete view of
the heart and might thus be preferable, they have important drawbacks in daily
practice. 3D echo is nowadays not used in daily clinical practice due to its limited
temporal and spatial resolution and need for extra transducers and high-end
scanners. It is also more prone to having poor acoustic window and poor image
quality. Other 3D technologies, MRI and CT also have drawbacks. They have
better volume reproducibility and less imaging artifacts as compared to 2D echo,
but their temporal resolution is much worse. Moreover, they are not portable,
expensive and, in case of CT, use ionizing radiation.

In this paper, we investigate whether it is possible to infer the 3D shape of
the human left ventricle from the 2D echo measurements with a linear regression
approach. We will use not only the 2D measurements related to the geometry,
but also functional and clinical parameters. This approach reveals which parts
of the shape can be recovered in 2D and what confidence we can expect on those
predictions. We aim to know in which situations 3D imaging is required, and in
which 2D gives enough information.

To that end, we first create a synthetic dataset for studying the influence of
noise on the measurements and, afterwards, we illustrate the use of our regres-
sion approach on a population of pre-adolescents born after intrauterine growth
restriction (IUGR) where both 3D shapes and 2D measurements are available.
Specifically, we want to study how the following shape patterns reported in the
literature for these patients [5] can be best predicted from 2D measurements:
the overall size of the Left Ventricle (LV), its sphericity, and a lateral shift of
the apex with respect to the LV base. We also study in this paper the influence
of increasing noise levels on the 2D measurements.

Although the problem of inferring the complete 3D shape from 2D images or
an incomplete part of the 3D shape has already been addressed by the commu-
nity (e.g. for the liver [6], or the femur [7]), this is, to our knowledge, the first
attempt to infer the LV shape from 2D clinical measurements obtained through
echocardiography, including the analysis of the impact of measurement noise on
the prediction.
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2 Data Description

2.1 IUGR Patient Data

We used the dataset of [5] of 152, 7–13 years old, individuals (58 with Intrauter-
ine Growth Restriction (IUGR) and 94 controls). For each individual we have
a 3D mesh of the end-diastolic LV acquired using 3D echo (Echopac version
108.1.6) and an independent complete 2D echo study with the standard clin-
ical measurements. After removing cases with incomplete measurements, 116
patients remained. The summary of the population can be found in Table 2. The
meshes in this dataset have point correspondence, containing 720 nearly regular
faces with an average face area of 13.9 mm2. Each patient has 90 measurements
related to the function and geometry of the LV, other chambers, as well as clinical
history. Some examples of measurements included in the previous classification
are showed in Table 1. A more complete overview of the variables included can
be found in [8].

2.2 Generation of the Synthetic Database

In order to study the effect of noise on the measurements, we have generated a
synthetic database matching the main sources of variability found in the IUGR

Table 1. Classification of the 2D measurements included in the study

Class #measurements Examples

Geometry of the LV 18 ES volume, ED volume, internal
dimension, long axis length, basal
diameter

Function of the LV 14 Cardiac output, cardiac index,
mitral A speed

Geometry of the other parts 17 LA area, RV volume

Function of the other parts 18 TAPSE, Tricuspid E speed, AR
duration

Clinical history 13 Age, sex, IUGR label, height,
weight

Table 2. Summary of the IUGR population.

Variable Mean Std Min Max

Age (years) 10.51 1.70 7.24 13.23

Weight (kg) 38.32 9.96 19.10 64.00

Height (m) 1.42 0.12 1.16 1.74

LV volume (ml) 80.16 18.17 44.00 126.00

LV axial diameter (mm) 66.90 6.68 48.30 87.00
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population: size, sphericity and septal bulging (an asymmetrical half moon defor-
mation). We first created a template LV as a sphere cropped at 3/4 of its height.
We estimated the distribution of the scaling coefficients that the IUGR meshes
follow by affinely registering the template LV to each LV mesh, and storing the
scaling coefficients of the affine transform. With those we estimated a Multivari-
ate Normal distribution C. We randomly assigned every individual to either the
pathological (P) or control (H) group. Individuals belonging to the pathological
group were given a stronger half moon shape pattern.

The template LV was first positioned so that the cropped section is perpen-
dicular to the y axis, the half moon deformation was further introduced along
the x axis using the following deformation for very point p(x, y, z) of the mesh:

φ(x, y, z) = (|x − xmean|(y − ymin)(y − ymax), 0, 0) (1)

where xmean refers to the mean value of the x coordinates, ymin and ymax

refer to the minimal and maximal y coordinate over the points of the template.
The deformation is then normalized to have unit L2 norm. The generation of a
synthetic mesh was performed as follows:

1. Sample scaling coefficients c from C, scale the template LV using c and obtain
the cropped ellipsoid e;

2. Generate the label H/P, with 50% probability for each class;
3. Sample μ from DH = N (0 cm, 0.3 cm2) if the label is H, or from DP =

N (1.5 cm, 0.4 cm2) if the label is P;
4. The synthetic mesh is m := e + μφ, where φ is the half moon deformation

vector. We modeled the noise in the 3D mesh by a random displacement at
every vertex with mean norm of 1 mm.

2.3 Measurements

The 2D measurements in the synthetic dataset are taken from the 3D shape, and
they contain similar information as real measurements. They are not directly
comparable to the real 2D measurements, because the latter are obtained from
the echocardiographic image. We used 3 different sets of synthetic measurements:

1. Basic measurements: they are equivalent to the volume, long axis length,
basal diameter and biggest internal diameter as described in the European
Association of Cardiovascular Imaging (EACVI) clinical recommendations
([8]). In Fig. 1a, there is a graphical description of how the linear measure-
ments were taken in the mesh.

2. Extra measurements: basic measurements, with the internal diameter divided
in two segments from the furthest points to the long axis (Fig. 1b). Those
distances are specific to the half moon pattern.

3. Random measurements: basic measurements and 5 distances between random
pairs of points and 5 diameters at different heights along the principal axis.
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(a) Basic
measure-
ments

(b) Extra
measure-
ments

Fig. 1. Linear measurements taken for the synthetic meshes. The basic measurements
correspond roughly to the long axis (black), internal dimension (orange) and basal
diameter (purple). In the extra measurements, the internal dimension is split in the
distances from the extremes to the long axis (orange and cyan). (Color figure online)

Optionally the H/P label used in the generation was added to the geometrical
measurements.

For the IUGR dataset, 3 types of measurements, obtained from the 2D echo
study, were used:

1. Left ventricular end-diastolic volume, obtained using the biplane method, and
3 linear measurements: long axis length, basal diameter and biggest internal
diameter.

2. Measurements from the point 1 and the label of the IUGR condition.
3. All the measurements available in the 2D study, including function and geom-

etry of all parts of the heart.

3 3D Shape Regression from 2D Measurements

This section describes how we learn a regression from a set of 2D measurements
to the 3D shape. It also defines the metrics that will be used later to quantita-
tively compare regression results.

3.1 Shape Predictor Training

In order to carry out 3D shape prediction from the 2D echo measurements, we
trained a linear regressor using the standardized 2D measurements as predictor
variables. As output, we used the coordinates of the mesh we want to recon-
struct after projection on a standard PCA basis. PCA has indeed the advantage
of giving both projection and reconstruction linear operators. To make the PCA
representation more compact, we kept PCA modes that explained 99% of the
variance. As input, the PCA takes the concatenation of all mesh vertex coor-
dinates. We used the Elastic Nets algorithm to learn the matrix of regression
coefficients Ŵ∗ and bias vector b̂∗:

Ŵ∗, b̂∗ = arg min
W,b

(
1
n

‖Ŷ − XW − b̂‖2fro + λ1‖W‖21 + λ‖W‖2fro
)

(2)
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where ‖W‖fro is the Frobinus norm, ‖W‖21 =
∑

i ‖Wi‖2, n is the number of
samples used for training, X are the 2D measurements arranged in rows and Ŷ
are the PCA coordinates after projection. We kept only the modes explaining
99% of the variance. The λ1 and λ2 were determined using 3-Fold cross-validation
with the training data. From Eqn. 2, we learn a regressor predicting PCA coor-
dinates from the input 2D measurement. The resulting shape is then simply
obtained by applying the PCA reconstruction to these regressed coordinates.

3.2 Evaluation

We used 9 different noise levels (between 0 and 0.5) for 2D measurements in
the synthetic dataset. For every level, we have added to every measurement a
white Gaussian noise with a mean μi and a variance σ2 = (αμi)2, where α
is the noise level. We generated 10 different synthetic datasets and report in
Sect. 4 the mean and 95% CI of theirs results. The quality of the regression
in the IUGR dataset was evaluated using Leave-One-Out cross-validation and
an independently generated test-set of size 50 for the synthetic dataset. We
use the R2 determination coefficient as a quality metric. It is defined as R2 =
1 − var(Ypred − Y)/var(Y), where Y is the real response and Ypred = XW∗.
The R2 coefficient is the percentage of the response space variance that can
be predicted via the regression. Given a linear deformation column mode m,
the R2 of the variability associated with that mode is defined similarly: R2

m =
1 − var(Ypredm)/var(Y m)

4 Results

4.1 PCA Modes

As PCA was used as encoding of the 3D shape for learning the regression
(Sect. 3.1), we show here PCA modes on both the IUGR and the synthetic data.
For IUGR we have previously aligned the meshes using the Procrustes algorithm
(preserving the scale). The 4 largest PCA modes and the percentage of variabil-
ity they represent are shown in the top row of Fig. 2. The two modes with the
largest variability are elongation and sphericity. The third mode appears to be
associated with a 3D segmentation artifact due to the partial coverage of the
outflow tract in many cases. The fourth mode is a non-symmetric deformation
where the apex is shifted with respect to the base with a small inclination of the
base, creating an impression of a half moon ventricular shape due to a bulging
septum. The bottom row of Fig. 2 shows the main PCA modes learned on the
synthetic data.

4.2 Synthetic Data

We first evaluated how the choice of 2D measurements influences the regression
quality. Figure 3 plots the R2 coefficient (Sect. 3.2) for the first 3 PCA modes
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Fig. 2. Top row: main PCA modes learned on the IUGR dataset. Bottom row: the
biggest 4 modes of the PCA of the synthetic dataset. All modes are displayed at ±3
STD

Fig. 3. Influence of the noise and choice of measurements on the regression. For each
set of measurements, we plot the R2 coefficient for specific PCA modes as a function
of the noise. All these results were obtained with the synthetic dataset. See Sect. 2.3
for a definition of all types of measurements combined here. (Color figure online)

as a function of noise for all possible combinations of measurements defined in
Sect. 2.3. Then, we investigated how training affects the quality of the regres-
sion. First we tested whether adding more training data or selecting another
regression algorithm would affect the performance. Figure 4.a shows the effect of
changing the training data size for the basic set of measurements and Fig. 4.d for
the random set. We also tested how different linear regression algorithms [9] com-
pared in terms of R2 values: PLS, Ridge, Elastic Nets, classic Linear Regression,
Gaussian Kernel Ridge regression for both the basic measurements (Fig. 4.c)
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Fig. 4. Effect of: error in training set (a, d), train data size (b, e) and regression
algorithm (c, f). The upper row corresponds to the basic measurements and the lower to
the random measurements. All these results were obtained with the synthetic dataset.

Fig. 5. (a) R2 coefficients for the 1st and 2nd PCA mode obtained in the real data
compared with the synthetic results for their equivalent PCA modes. (b) R2 for the 3
first PCA modes for different sets of measurements.

and the random ones (Fig. 4.f). Finally we studied the influence of noise on the
training and testing steps. For the basic set of parameters, we have added to
the training set noise with a variance equal to twice the testing set noise and
viceversa (Fig. 4.b and e).

4.3 IUGR Data

We used 4 measurements (volume, long axis length, basal diameter and internal
dimension) in the IUGR dataset that are equivalent to the basic measurements of
the synthetic dataset. We have performed regression using those measurements
to compare real and synthetic results. In Fig. 5.a we plot the observed R2 values
of the real data for the first two PCA modes along with the synthetic R2 curves
for the same PCA modes. We can see that the noise factor is around 10%,
which coincides with the results obtained by D’hooge et al. in [10]. We have also
compared the regression results when different types of measurements are used
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(a) Biplane and 3D echo (b) Predicted and 3D echo

Fig. 6. Bland-Altman plot of the biplane and predicted shape volumes compared with
the 3D echo. The dotted lines represent the 95% CI. The volumes of the predicted
shapes have a RMSE of 8.11 ml, while the biplanes volume measurements have 8.32 ml.

as predictors. Results show that, with 116 data samples, the best combination
of parameters is the basic geometric measurements and the clinical label. Using
all the measurements available introduces error, as the algorithm is not able to
choose which measurements are relevant for the regression.

4.4 Volumes

We computed the volumes of the predicted meshes and compared them with
the 3D echo volumes. We evaluated whether they were closer to the volumes
acquired from 3D echo than the ones obtained using the biplane method. Results
showed that there was no significant precision difference between both volumes
estimations. Figure 6 shows the Bland-Altman plots of the volumes obtained
with the biplane method and the volumes of the predicted shapes compared
with the 3D echo.

5 Discussion

The most common shape representation for the LV is a cropped ellipsoid, as
commonly assumed in many measurements done in clinical practice. Our results
confirm the validity of this assumption since the PCA analysis of the IUGR
dataset (Fig. 2, top row) give modes coinciding with the longitudinal and radial
scaling of a mean shape similar to a cropped ellipsoid. Although these modes
explain 82% of the total variance, they are not always the most useful para-
meters for shape assessment to evaluate cardiac pathological remodeling. More
complex shape features are encoded by the next modes. As those have much less
variability than the main ellipsoidal modes, they are more sensitive to noise and
harder to recover. Results in Fig. 3.a show that with the geometrical measure-
ments inspired from EACVI recommendations, only the main ellipsoidal modes
can be estimated. A consequence of this might be that the predicted shape does
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not provide a better volume estimation than the biplane method (Fig. 6). Biplane
method is also accurate when the shapes are symmetric, but it is less precise for
asymmetric shapes. Findings in the IUGR data were similar (Fig. 3.b).

When using only the basic geometrical measurements, neither increasing the
training dataset size (Fig. 4.a), nor removing the training noise (Fig. 4.e), nor
changing the algorithm (Fig. 4.c) altered the regression quality. This suggests
that most of the regression error is induced by the error on 2D input mea-
surements. Adding new measurements allows to improve shape accuracy. An
example of this is the half moon pattern, that can not be estimated from basic
measurements (dotted cyan graph in Fig. 3.a), but can be retrieved when spe-
cific measurements sensitive to this pattern or many random measurements are
added. Another positive effect of adding measurements is that we can use redun-
dant information to make the regression more resilient to noise. In Fig. 3 we can
see that for the 1st mode, R2 decreases slower when random measurements are
used (c) than when only the basic ones are available (a). We do not have to
restrict to geometrical measurements as geometry predictors, we can use mea-
surements related to the clinical history: Fig. 3.d and e show how adding a label
related to the clinical diagnosis improves the regression of the half moon feature.
A similar behavior was observed for the IUGR dataset in Fig. 4.b.

6 Conclusion

We have shown that it is possible to predict 3D shape from 2D measurements,
and how the quality of the prediction is intrinsically limited by the amount of
noise in the input measurements. The uncertainty present in the measurements
used in daily clinical practice is of such magnitude that it hampers recovering
subtle cardiac remodeling features. This can be improved if more measurements
specific to the deformation we aim to recover are taken. Alternatively, additional
geometric measurements, possibly random, or some clinical history parameters
can be used to improve the accuracy of the 3D reconstructed shape. In any
case, a sensitivity analysis as done in this paper is important to determine the
minimal size of the training population and the optimal choice of features for a
given population.
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Abstract. Finding the individually optimal prosthesis size is an intri-
cate task during valve-sparing aortic root reconstruction. Previous work
has shown that machine learning based prosthesis size prediction is
possible. However, the very high demands on the underlying training
data set prevent the application in a clinical setting. In this work, the
authors present an alternative approach combining simplified deforma-
tion modeling with machine learning to mimic the surgeon’s decision
making process. Compared to the previously published approach, the
new method provides a similar prediction accuracy whith a dramatic
decrease of demand on the training data. This is an important step
towards the clinical application of machine learning based planning of
personalized valve-sparing aortic root reconstruction.

Keywords: Aortic valve · Valve-sparing aortic root reconstruction ·
Machine learning · Computer assisted surgery · Personalized medicine

1 Introduction

Patients with the diagnosis of a pathological dilation of the aortic root often suf-
fer from aortic valve insufficiency [1]. This insufficiency arises from the changing
valve geometry due to the dilation of the surrounding tissue while the valve
leaflets stay constant in their size and shape. For these patients, valve-sparing
aortic root reconstruction presents an alternative to valve replacement. The goal
of this surgery is to remodel the original size of the aortic root using a graft pros-
thesis. The patients leaflets are spared and attached to the prosthesis. Hence,
c© Springer International Publishing AG 2017
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Fig. 1. Flowchart of the proposed method. The individual dilated geometry is manipu-
lated according to a deformation model and rated by a feedback function. The geometry
is deformed iteratively until the score is optimal.

the superior hemodynamic characteristics of the original valve can be preserved,
improving patient’s outcome compared to valve replacement [2].

However, choosing the optimal prosthesis size is a challenging task for the
surgeon. The original shape of the aortic root before the dilation is unknown
and only the dilated state can be assessed. The estimation of the healthy state is
further complicated by the high interpatient variability of the aortic root shape
and valve geometry. Therefore, a pre-operative planning tool, which predicts
the optimal prosthesis size for the current patient, could greatly improve the
outcome of this procedure.

A common approach to develop such a tool is utilizing biomechanical simu-
lations to evaluate the individual valves movement for different prosthesis sizes
virtually [3]. One problem of this approach are the complex biomechanical prop-
erties of the aortic valve leaflets which are not yet completely understood. Hence,
the choice of realistic simulation parameters is very uncertain. Additionally,
the approach suffers from high computational complexity and cannot be fully
automated since the user needs to score the valve movement for each specific
prosthesis.

An alternative approach is to optimize the aortic root deformation using
machine learning. Due to the implicit, data-driven optimization of the dila-
tion behaviour, the biomechancial parameters of the valve do not have to be
set explicitly. In a first study, porcine aortic roots were examined using trans-
esophageal ultrasound (TEE) in a healthy and an artificially dilated state [4]. On
this dataset, a regression model was trained to predict the healthy root diameter
based on the dilated valve geometry. The study showed that learning the root
deformation and predicting the optimal prosthesis size using machine learning
is possible [4]. To the author’s best knowledge, this direct estimation method is
the first implementation of a patient-specific prediction of the optimal prosthesis
size for valve-sparing aortic root reconstruction.

However, the drawback of this method is its demand on the training dataset.
To train the regression model, the aortic root shape of a number of individuals
must be available in both states, the dilated and the healthy one. Such a dataset
is hard to obtain for human patients. Hence, the clinical application of this is a
distant prospect.

The purpose of this paper is the introduction of a hybrid approach combining
simplified aortic root deformation modeling and machine learning. It is inspired
by the surgeon’s decision making process, avoids biomechanical uncertainties
and minimizes the demand on the underlying data base.
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2 Materials and Methods

The proposed method is inspired by the surgeon’s decision making process. This
process can be separated into four steps:

(1) Obtaining the patient’s individual dilated aortic root geometry
(2) Estimation of the valve geometry if it would be attached to a prosthesis
(3) Rating the correspondence between the resulting geometry and a healthy

behaviour
(4) If the rating was good enough, the optimal prosthesis size is found. Other-

wise, repeat with decreasing prosthesis size until geometry is rated as healthy

The proposed approach implements the single steps of this decision making
pipeline (cf. Fig. 1). In the following, these steps are explained in more detail.

2.1 Data Acqusition

Transesophageal ultrasound (TEE) is the gold standard for aortic valve examina-
tion [5]. Accordingly, the underlying data for this study was acquired in a setup
comparable to [6], performing TEE examinations on ex-vivo porcine aortic roots.
After 3D image acquisition, the aortic root was manually dilated following [4]
to approximate pathological dilation. Afterwards, 3D images of the dilated aor-
tic root were obtained. The full dataset consists of 3D ultrasound images of 24
porcine aortic roots in the healthy and the dilated state, respectively.

2.2 Deformation Modeling

The aim of this step is to model the deformation of the aortic valve geometry in
correspondance to a change in the root diameter. The proposed method utilizes
strong simplifications of the aortic valve geometry and behaviour. Thus, it is
assumed that the valve geometry can be described meaningful enough based on
four landmarks: The three commissure points P1, P2, P3 and the coaptation point
Pcoap. The commissure points are the points where the leaflets are attached to
the root wall while the coaptation point is defined as the point were all three
leaflets are touching each other (cf. Fig. 2 a, c). Accordingly, the individual valve
geometry is given by three vectors L1, L2, L3 ∈ R

3 pointing from Pcoap to one of
the coaptation points, respectively. After transformation to spherical coordinates
with Pcoap as the origin, the valve geometry V is given by

V =

⎛
⎝

L1,r L2,r L3,r

L1,θ L2,θ L3,θ

L1,ϕ L2,ϕ L3,ϕ

⎞
⎠ , (1)

where r, θ and ϕ are the spherical coordinates. While the aortic root wall dilates,
the leaflet size is not affected by the deformation [2]. Hence, it can be assumed
that the length of the vectors L1, L2 and L3 stays constant over all relevant
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Fig. 2. (a) Sketched aortic valve in the closed state with the three commissure points
P1, P2, P3 and the coaptation point Pcoap. (b) Geometry description based on the three
vectors L1, L2 and L3. (c) Slice of ultrasound volume image of an aortic root with the
three commissure points P1, P2, P3 and the coaptation point Pcoap, projected to the
x-y-plane. (d) Slice of ultrasound volume image of an aortic root with the features Ki

and αi, i = 1, 2, 3, projected to the x-y-plane.

deformation steps. Following this assumption, the influence of the dilation on
the valve geometry can be described as a change of the orientation of L1, L2 and
L3. This can be reached by varying two parameters of the spherical geometry
description of every vector: θ, i.e. the angle to the vertical axis, and ϕ, i.e. the
angle of the rotation around the vertical axis (cf. Fig. 2 b). Accordingly, the
deformation of the valve geometry V can be modeled as a transformation T
given as

V′ =T (V,Δθ1,Δθ2,Δθ3,Δϕ1,Δϕ2,Δϕ3)

=

⎛
⎝

L1,r L2,r L3,r

L1,θ − Δθ1 L2,θ − Δθ2 L3,θ − Δθ3
L1,ϕ − Δϕ1 L2,ϕ − Δϕ2 L3,ϕ − Δϕ3

⎞
⎠ .

(2)

The definition of Δθi and Δϕi, i = 1, 2, 3 induces different deformation mod-
els. In the following, three models of different complexity are presented.
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Homogeneous Dilation (HD). In this model it is assumed that the orien-
tation of the plane formed by the commissure points P1, P2, P3 stays constant.
The change of these points cartesian z coordinate is the same for all three points
without allowing any rotation around the vertical axis. This corresponds to a
homogenous dilatation of all three sinuses, i.e. the areas of the root wall enclosing
one leaflet, and can be derived by setting

Δθi = arccos
(

L1,r

Li,r
(cos(L1,θ + Δθ1) − cos L1,θ + cos Li,θ)

)
−Li,θ, i = 2, 3. (3)

The two values Δθ2 and Δθ3 are dependant of Δθ1, which is the only model
parameter. Δϕj , j = 1, 2, 3 are set to 0. Hence, the HD model has only one
degree of freedom (DOF).

Angle-Compensated Homogenous Dilation (AHD). As mentioned above,
the HD model does not take different dilations of the sinuses into account. This
can be compensated by allowing small rotations around the vertical axis. This
results in three independent parameters Δϕi, i = 1, 2, 3 within a range of ±10◦.
The parameters Δθi, i = 1, 2, 3 are set as in the HD model. This leads to a model
with four DOF.

Free Deformation (FD). In this model, the parameters Δθi, i = 1, 2, 3 are
decoupled. Hence, all orientation parameters Δθi and Δϕi, i = 1, 2, 3 can change
independently within given ranges. With 6 DOF, the FD model offers the highest
complexity of the presented deformation models.

With this simplified valve geometry description and the defined transfor-
mation models, parameterized, realistic deformations of arbitrary aortic valve
geometries can be calculated efficiently. Through simplifying assumptions, bio-
mechanical uncertainties are avoided. To evaluate the models, the dilated geome-
tries from the data base were deformed to match the corresponding healthy
geometries as close as possible, followed by a comparison of the resulting root
diameter with the healthy reference.

2.3 Feedback Function

While the developed deformation models allow the prediction of the valve’s geom-
etry after a prosthesis induced deformation, there is a need for a feedback func-
tion that rates the healthiness of an arbitrary aortic valve geometry. Due to a
lack of basic knowledge about the complex valve behaviour, the use of machine
learning is proposed to achieve a data-driven estimation of this relationship.

For that purpose, a suitable feature space has to be defined. Due to the
description of the valve geometry based on four anatomical landmarks, all fea-
tures should be extractable from these points. Instead of using the raw point
coordinates, meta-descriptors were defined and used as features. This allows
for a feature space dimensionality reduction, position- and orientation-invariant
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features and the integration of prior knowledge, i.e. geometrical descriptors
known to have a strong relationship to the valve’s functionality [4].

In this study, two features were defined: K
Lf

and α
Lf

. K is the mean of the
three commissure point distances, while α is the mean over the three angles
αi, i = 1, 2, 3 that describe the angle between the vector pointing from the ith
commissure point to its clockwise neighbor and the vector from the ith com-
missure point to the coaptation point (cf. Fig. 2 d). Lf is the leaflets free edge
length, calculated as the sum over the lengths of the three vectors L1, L2 and
L3. Due to the assumption that Lf stays constant, the defined features measure
K and α relative to the valves specific leaflets free edge length.

Two different feedback function concepts were examined: a binary feedback
and a continous feedback. While the binary feedback function gives back a dis-
tinct binary flag whether the geometry is healthy or not (classification problem),
the continous feedback functions output is a continous score to rate the health-
iness of the valve (regression problem).

The binary feedback function was derived from the data using a Support Vec-
tor Machine (SVM) [7] utilizing the open-source library LIBSVM [8]. Non-linear
relationships in the data were adressed by choosing a radial basis function ker-
nel. The SVM-parameter C and the kernel-parameter γ were optimized utilizing
a leave-one-out-method on the training data set with an iterative gridsearch on
multiple grids, ranging steadily from coarse to fine (initial grid: 5 values within
[1, 1000] and [0.001, 1] for C and γ, respectively, finer grids centered around
optimal parameters of coarser grid from last iteration).

This SVM model learns a seperation of valve geometries in healthy and
dilated ones. To provide reasonable classification results for this purpose, the
training set needs to include healthy and dilated valve geometry samples.

Since a binary separation of valve geometries is not very realistic, a continuous
feedback function was used additionally. This leads to a continous healthiness
score. To this end, the feedback function was learned using a Gaussian Mixture
Model (GMM) [9]:

(1) For every training sample point j ∈ [1, n], define a Gaussian distribution
N (μj,Σj)

(2) Set μj to the samples feature space coordinates and Σj to a diagonal matrix
with the estimated measurement noise of each feature at the corresponding
diagonal entry (10% of the feature’s mean value)

(3) Derive feedback function F by superimposing these distributions with equal
weighting:

F (x) =
1
n

n∑
j=1

N (μj ,Σj). (4)

This completely data-driven feedback function combines low computation
times with a simpler and much more practical data base. The score predicted
from the GMM model corresponds to the probability of an arbitrary valve geom-
etry to be healthy. The probability to be dilated is included implicitly in the low
score values. Hence, a training data set only consisting of healthy geometry sam-
ples is sufficient and no dilated samples are required.
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2.4 Surgery Planning

The surgery planning can be interpreted as an optimization problem, where
the objective function is given by the feedback function. The solution space is
constrained by the geometries that can be reached by deforming the individ-
ual dilated valve geometry according to a deformation model. The deformation
model defines a trajectory in the feature space with its origin in the observed
dilated valve geometry. The optimal prosthesis size corresponds to the point
on this trajectory with maximal feedback output (cf. Fig. 3). The relationship
between a valve geometry and the corresponding prosthesis size is approximated
by the diameter of the circumcircle of the triangle formed by the three commis-
sure points. In the case of the binary feedback function, the optimal solution is
defined as the valve geometry classified as healthy with the smallest deformation,
i.e. the intersection between the trajectory and the class border.

In this initial study, the optimization problem was solved using a gridsearch
method (discretization: 0.006◦ for Δϕi and Li,θ

100

◦
for Δθi, i = 1, 2, 3). This cor-

responds to a valve diameter change (i.e. change of prosthesis size) of about
0.073 mm for each step of θ and about 5.2 ·10−5 mm for each step of ϕ. This fine
discretization provides an acceptable avoidance of local optima.

The evaluation of the surgery planning method was performed on all 24 aortic
roots using a 10-fold cross validation. During this method, optimal prosthesis
diameters were predicted for the dilated valve geometries and compared to the
natural root diameter received from the corresponding healthy geometry, serving
as a reference.

Fig. 3. (a) Example of surgery planning with binary feedback function. The HD model
defines a trajectory (black) in the feature space starting at the dilated geometry (red
square). The binary feedback function (blue contour) is trained on the healthy (+)
and dilated (o) training samples and evaluated along the trajectory to find the optimal
geometry (red diamond). (b) Example of surgery planning with continous feedback
function. The HD model defines a trajectory (black) in the feature space starting at
the dilated geometry (red square). The continous feedback function (contour lines) is
trained on the healthy (+) training samples only and evaluated along the trajectory
to find the optimal geometry (red diamond). (Color figure online)
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3 Results

A fundamental assumption of the method is that the length of the vectors Li, i =
1, 2, 3 stays constant during the dilation. To confirm this statement, a two-sample
t-test (95% level of significance) on the Li derived from the healthy and the dilated
data was performed. We found no significant differences (L1 : t = −0.4978,
p > 0.05; L2 : t = −1.1455, p > 0.05; L3 : t = −0.0405, p > 0.05).

To evaluate the consistency of the presented deformation models, they were
applied to reproduce the deformation observed in the experiments. The mean
errors of the predicted diameters for all valves were 0.37 mm for HD, 0.09 mm
for AHD and 0.25 mm for the FD model.

The presented deformation modeling method was evaluated on the data set
aiming on the prediction accuracy of the optimal root diameter for each dilated
valve geometry with the corresponding healthy geometry as a reference. Table 1
shows the mean prediction error and the number of matches, i.e. the relative
number of predictions with an error of less than 1 mm, for all combinations of
deformation models and feedback functions. The continous feedback combined
with the HD model reaches the highest prediction accuracy.

A comparison of the previously proposed direct estimation method and
the deformation modeling method with the binary as well as the continous
feedback function is shown in Table 2. Using the continous feedback function,

Table 1. Evaluation of the deformation modeling approach for all combinations of the
two feedback functions (binary and continous) and the three deformation models (HD,
AHD and FD). For each combination of feedback function and deformation model the
mean prosthesis size prediction error in mm and the number of matches in %.

HD AHD FD

Binary 21 % 25 % 21 %

3.36mm 2.81mm 4.38mm

Continous 63 % 50 % 13 %

1.64mm 1.64mm 7.60mm

Table 2. Comparison of the direct estimation (DE) method [4], the deformation mod-
eling (DM) with binary feedback function (AHD model) and the deformation modeling
with continous feedback function (HD model) subject to the prediction accuracy and
the needed training data. The deformation models were chosen to provide optimal
results.

Method Matches Training data set

DE 63 % Dilated and healthy valve geometry of
each subject in training set

DM, binary 25 % Dilated and healthy valve geomtries,
not necessarily from the same subject

DM, continous 63 % Healthy valve geometries
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the deformation modeling approach provides the same prediction accuracy while
only healthy samples are requested in the training phase.

4 Discussion

The evaluation of the three deformation models shows that all models reach a
mean diameter prediction error of less than 0.5 mm. This indicates that all three
models are capable of mimicking realistic aortic root deformations.

Table 1 shows that for the HD and the AHD deformation model, the conti-
nous feedback function clearly outperforms the binary feedback. The probable
reason for that is that the optimal solution does not have to lie near the class
border. Combining the HD deformation model with a continous feedback func-
tion provides the best prediction results. This might be related to the fact that
the information about the individual dilated valve geometry disappears with
growing size of the search space, which is the case with increasing DOF of the
model and once more emphasizes the advantage of simplification.

The comparison with the direct estimation approach shows that using a con-
tinous feedback function, the deformation modeling approach reaches compa-
rable results based on a much simpler training data set. The construction of a
clinical data base for the direct estimation approach is nearly impossible or at
least extremely time consuming. In constrast, the deformation modeling method
utilizing a continous feedback function only relies on healthy valve geome-
tries, which can be easily extracted from clinical TEE examinations. Hence, the
application of simplified deformation modeling and GMMs could push the pre-
operative planning of valve-sparing aortic root reconstruction towards clinical
application.

However, the prediction accuracy still has to be improved. One reason for
the relatively low maximal accuracy could be a biased training data set. Due
to the manual identification of the landmarks in the ultrasound images, signif-
icant observer-specific errors are possible. Hence, an automatic valve geometry
extraction could improve the method. A more detailed study of the influence
of observer errors on the predictor performance would be interesting and rele-
vant for future work, but was out of the scope of this paper. Additionally, the
approach could be enhanced by a larger training data set. This would provide a
more realistic representation of the underlying distribution of valve geometries
and a higher dimensional feature space could be explored.

5 Conclusion

In this work, a new approach for pre-operative planning of valve-sparing aortic
root reconstruction was presented. The approach combines simplified deforma-
tion modeling with machine learning to mimic the surgeon’s decision making
process and represents a first alternative to the direct estimation approach. Three
deformation models and two feedback functions were defined, evaluated and com-
pared to the previously described direct estimation approach. The results show
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that the presented method provides comparable results while the demand on the
training data is dramatically decreased, taking a step towards clinical application
for the prediction of personalized aortic root prosthesis sizes.

Acknowledgement. The authors would like to thank Ingvild Detjens and Erik
Werrmann for their help conducting the experiments. This publication is a result of
the ongoing research within the LUMEN research group, which is funded by the Ger-
man Bundesministerium für Bildung und Forschung (BMBF) (FKZ 13EZ1140A/B).
LUMEN is a joint research project of Lübeck University of Applied Sciences and
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Abstract. Introduction: Aortic coarctation is one of the most difficult cardiac
defects to diagnose before birth, and it accounts for 8% of congenital heart
diseases. Antenatal diagnosis is crucial for early treatment of the neonate and to
decrease the risk of morbidity and mortality; however the fetal hemodynamic
changes are not fully understood and current imaging methods are limited to
accurately diagnosis this congenital defect. Objective: We propose to use a
lumped model of the fetal circulation to provide insights into the hemodynamic
changes in fetuses with aortic coarctation, and thus helping to improve its diag‐
nosis. Methods: To achieve this goal a patient-specific lumped model of the fetal
circulation was implemented in OpenCOR, including the modeling of different
types and degrees of aortic coarctation. A parametric study of degree and type of
coarctation was performed, where blood flow distribution, cerebroplacental ratio,
pressure drop over the coarctation and left ventricular pressure were quantified.
Results: Obvious changes in the fetal hemodynamics were observed only from
80% of coarctation, corresponding to the clinically used cut-off for pressure drop
of 20 mmHg. Furthermore, the observed hemodynamic changes were different
depending on the location and degree of the coarctation.

Keywords: Fetal circulation · Modeling · Aortic coarctation

1 Introduction

Aortic Coarctation accounts for around 8% of heart defects. This congenital disease
consists on the narrowing of the distal aortic arch in mild cases; thus reducing the blood
flow in the fetal aortic arch [1]. According to different studies [2, 3], hypoplasia of the
whole aortic arch is also observed in most severe cases.

Coarctation of the aorta remains one of the cardiac defects more difficult to diagnose
before birth. Prenatal diagnosis is of critical importance to improve survival and reduce
morbidity [4]. In most severe cases, suspicion rises when there is ventricular dispro‐
portion, however; a slight degree of physiological disproportion appears during the third
trimester of gestation [5]. Consequently, current echography methods lead to both, high
false-positive and false-negative rate during diagnosis [1, 4]. Additionally, the
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hemodynamic remodeling induced by the disease is yet not fully understood, partly due
to the wide variety of fetal aortic coarctation types and degrees of severity.

Accordingly, there is a need to develop new technologies that allow accurate prenatal
diagnosis of aortic coarctation and that help clinicians to better understand the disease.
Currently, in clinical practice ultrasonographic evaluation, including measurement of right
and left ventricular size, isthmus and ductal diameters, is used to diagnose aortic coarcta‐
tion. Still, these measurements have low sensitivity and specificity [1, 6]. On the other
hand, patient-specific lumped models of the fetal circulation have shown to be a great
approach to understand the underlying mechanisms of fetal hemodynamics, both under
healthy and pathological conditions, such as shown in Garcia-Canadilla et al. [7, 8].

Thereby, our purpose is to re-implement the fetal circulation model proposed in [8]
in CellML using OpenCOR, an open-source cross-platform modelling environment [9],
which favors model reuse amongst researchers. Besides, the modular structure of
CellML allows users to easily add/remove new components to the model for future
applications. The model will be used to simulate fetal circulation subjected to aortic
coarctation.

2 Materials and Methods

2.1 Patient-Specific Model

Lumped Model of the Fetal Circulation
The fetal circulation model [8] was implemented in OpenCOR (version 0.5) using the
CellML language. The ascending aorta of the original model was split into 3 different
arterial segments: ascending aorta, ascending and descending aortic arches as shown in
Fig. 1. Moreover, a resistor distal from the aortic-ductal junction was included, repre‐
senting distal aortic coarctation. The length of the segment was fixed at a 10% of the
total ascending aorta length, and the radius was set initially to be equal to the radius of
the ascending aorta. These changes in the model made possible the simulation of a
variety of aortic coarctation scenarios.

The equivalent lumped model circuit was built by interconnecting arterial segments
and vascular beds. Each arterial segment contained a capacitor (C) representing arterial
compliance, a resistor (R) representing resistance to blood flow through the arterial
segment, and an inductor (L) describing blood inertia. The vascular bed components
consisted of a three-element Windkessel model, which included one resistor (Rc), repre‐
senting resistance of the characteristic impedance of the feeding artery, leading to a
parallel circuit with a resistor (Rp) and a capacitor (Cp) describing peripheral resistance
and compliance respectively.

Furthermore, CellML language was used to implement the improved version of the
fetal circulation model, thanks to its modular structure that allow easily defining inter‐
connected individual components (such as arterial segments and vascular beds), estab‐
lishing connections between them, and importing the individual components into the
model. Regarding the OpenCOR solver we used CVODE with a time step of 0.001 s.
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Patient-Specificity
Patient-specific data were used to build the model, including: output flow from left (QLV)
and right (QRV) ventricles, fetal gestational age (GA) and the estimated fetal weight
(EFW). All the data were obtained from the same control fetus as used to validate the
model described in [7].

All the electrical components of the equivalent circuit were fitted to a control healthy
fetus of 33.28 weeks of GA and an EFW of 2250 gr. The dimensions of all arterial
segments (radius, length and thickness), Young’s Moduli, blood viscosity, and electrical
components of all vascular beds (Rp, Cp), were calculated according to the GA and EFW
of the fetus, as described in [8]. Particularly, ascending aorta, and aortic arch new
segments’ dimensions were calculated based on [10].

Fig. 1. Lumped model scheme of the fetal circulation consisting on 21 artery segments (lines),
and 12 vascular beds (boxes). Two blood flow inputs were considered: Left and right ventricular
outflows. UB: upper body, B: brain, L: lungs, H: heart, K: kidneys, LB: lower body, P: Placenta.
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2.2 Modelling Aortic Coarctation

Four different scenarios of aortic coarctation were considered in this study andare illus‐
trated in Fig. 2.

Fig. 2. Aortic Coarctation types. Scenario 1: coarctation of distal aortic isthmus; Scenario 2:
hypoplasia of aortic isthmus; Scenario 3: hypoplasia of aortic isthmus and descending arch;
Scenario 4: hypoplasia of aortic isthmus, descending and ascending arches.

Modeling different scenarios
To model the first scenario, a reduction in the radius of the aortic segment located distal
from the aortic-ductal junction was introduced, simulating different degrees of coarc‐
tation ranging from 0% (normal conditions) to 90%. Scenarios 2, 3 and 4 where modeled
by reducing the radius of the corresponding arterial segment/s denoted in Fig. 2.

Modeling ventricular disproportion in aortic arch hypoplasia
In addition, ventricular disproportion was modeled in aortic arch hypoplasia(Scenario
4), by simulating different proportions of right (RV) and left ventricular (LV) outflows:
50–50% (no disproportion), 40–60%, 30–70% and 20–80%, respectively.

Parametric Study of Coarctation Degree
The effect of aortic coarctation in the fetal circulation was analyzed by decreasing the
radius of the different regions a given percentage. The following percentages of
narrowing were considered: 0% (normal conditions), 50%, 70%, 80%, and 90%. Cerebro-
placental ratio, pressure drop over the narrowed area and left ventricular pressure were
measured for each scenario. Cerebro-placental ratio was computed as the maximum
systolic brain flow over the maximum systolic placental flow. Pressure drop was calcu‐
lated as the difference between the maximum input and the maximum output pressures
of the narrowed area. Moreover, blood flow in the aortic isthmus (AoI), middle cerebral
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artery (MCA) and umbilical artery (UA) were also obtained. In the present model, MCA
blood flow was defined as the 75% of the internal common carotid artery outflow.

3 Results

3.1 Modeling Different Scenarios

The AoI blood flow showed a progressive reversal as the percentage of coarctation
increased in the distal aortic isthmus (Scenario 1, Fig. 3A). In the rest of scenarios, blood
flow in the AoI was reduced until it became 0 ml/s for a 100% of coarctation, as expected.
It can be observed that no differences were notice until a 70% of stenosis was reached.
Regarding MCA and UA blood flows (Fig. 3B, C), they increased and decreased respec‐
tively when increasing the amount of coarctation. The increment in MCA blood flow
was larger in the most severe scenario corresponding to a tubular hypoplasia (Scenario
4), as well as in the case of coarctation distal to the aortic-ductal junction (Scenario 1);
while reduction in UA blood flow was much more significant in Scenario 1.

Fig. 3. Blood flow through: aortic isthmus (AoI), middle cerebral artery (MCA) and umbilical
artery (UA); for different percentages of stenosis. Scenario 1: coarctation of distal aortic isthmus;
Scenario 2: hypoplasia of aortic isthmus; Scenario 3: hypoplasia of aortic isthmus and descending
arch; Scenario 4: hypoplasia of aortic isthmus, descending arch and ascending arch.

The cerebro-placental ratio (Fig. 4A) augmented with stenosis for all coarctation
types; however, under distal isthmus coarctation the most severe increment was attained
for 90% stenosis. The left ventricular pressure (Fig. 4B) also increased with coarctation;
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it was observed that in aortic isthmus-arch hypoplasia (Scenario 4), when LV and RV
output were similar the highest pressure was reached, at a non-physiological 90 mmHg
for 90% stenosis.

Fig. 4. A. Cerebro-placental ratio. B. Left ventricular pressure; for different percentages of
stenosis. Scenario 1: coarctation of distal aortic isthmus; Scenario 2: hypoplasia of aortic isthmus;
Scenario 3: hypoplasia of aortic isthmus and descending arch; Scenario 4: hypoplasia of aortic
isthmus, descending arch and ascending arch.

The pressure drop over the coarctation for the four scenarios was plotted in Fig. 5.
It showed that pressure difference augmented with percentage of coarctation, in all the
scenarios. Furthermore, the increase in pressure drop was more significant both, when
the coarctation was located distal from the aortic-ductal junction and for the whole aortic
arch hypoplasia.

Fig. 5. Maximum pressure drop over area of coarctation, against percentage of stenosis. Dark
blue: coarctation of distal aortic isthmus; Green: hypoplasia of aortic isthmus, Red: hypoplasia of
aortic isthmus and descending arch; Light blue: hypoplasia of aortic isthmus, descending arch and
ascending arch. (Color figure online)
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3.2 Modeling Ventricular Disproportion in Aortic Arch Hypoplasia

In clinical scenarios, the LV stroke volume (and size) decreases when the coarctation
becomes more drastic. The driving force (as can be seen from Fig. 4B) is likely the
increase in LV pressure. Therefore we also simulated this RV/LV imbalance. One can
see that reducing the amount of flow leaving the left ventricle favored the retrograde
flow in the AoI, in aortic arch hypoplasia (Fig. 6A); while increased stenosis resulted in
a decrement of the AoI retrograde flow. Regarding the MCA blood flow (Fig. 6B), it
was increased by stenosis; nevertheless, under severe ventricular disproportion (20–
80%), MCA flow decreased with stenosis. Moreover, it was noticed that UA flow
augmented with stenosis, under ventricular disproportion (Fig. 6C). The more severe
the disproportion, the higher the increment with stenosis.

Fig. 6. Blood flow through aortic isthmus (AoI), middle cerebral artery (MCA) and umbilical
artery (UA), for different percentages of stenosis. Hypoplasia of aortic isthmus, descending arch
and ascending arch, simulated for 50–50%, 40–60%, 30–70% and 20–80% proportion of left-right
ventricle flow respectively.

Regarding cerebro-placental ratio (Fig. 7A) it was observed to decrease with stenosis
as ventricular disproportion became more severe. On the other hand, left ventricular
pressure (Fig. 7B) started to normalize. Ventricular disproportion favored the decrement
of left ventricular pressure, also enhanced by coarctation.

Assessment of Haemodynamic Remodeling in Fetal Aortic Coarctation 477



Fig. 7. A. Cerebro-placental ratio. B. Left ventricular pressure; for different percentages of
stenosis. Hypoplasia of aortic isthmus, descending arch and ascending arch, simulated for 50–
50%, 40–60%, 30–70% and 20–80% proportion of left-right ventricle flow respectively.

4 Discussion

We have successfully implemented a lumped model of the fetal circulation in CellML/
OpenCOR and simulated the hemodynamic effects of different degrees and geometries
of in-utero aortic coarctations.

Coarctation of the aorta is one of the most difficult cardiac defects to diagnose before
birth. Antenatal diagnosis is crucial for early treatment and to reduce the risk of
morbidity and mortality. For this purpose, we have implemented apatient-specific
lumped model of the fetal circulation in OpenCOR, including the modeling of different
types and degrees of aortic coarctation.

The results show that the current lumped model of the fetal circulation provides
insight in the underlying mechanism of aortic coarctation. The reversal of the systolic
AoI flow observed when coarctation is located distal from the aortic-ductal junction
agrees with previous studies [1]. As a consequence, the blood to the brain increases
while the blood flow to the lower body and placenta decreases. Since the coarctation is
located just after the aortic-ductal junction, most of the blood coming through the ductus
is redirected towards the upper body due to the narrowing of the distal aortic arch. The
increase in MCA blood flow is also observed in the other scenarios, but more strongly
in aortic isthmus and arch hypoplasia. Thus, as coarctation increases, blood from the
ascending aorta can only reach the brachiocephalic trunk and just a small amount of
blood passes through the narrowed arch towards the descending aorta. However, keeping
RV/LV output balanced led to non-physiological LV pressures.

We also noticed that reducing the amount of outflow of the left ventricle, normalized
the LV pressures and led to retrograde flow in the AoI, as supported by previous studies
[11]. Nevertheless, when the whole aortic arch is hypoplastic (Scenario 4), less AoI
retrograde flow is observed when increasing stenosis. Though it seems contradictory,
MCA blood flow increases with stenosis, since the flow through the aortic arch is reduced
and it favors blood flow towards the brachiocephalic trunk. This is again partly normal‐
ized when the relative amount of left ventricular outflow decreases up to 20% and the
blood flow in the MCA is also reduced. On the other hand, blood flow in the UA increases
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with the amount of stenosis as well as when the difference between right and left relative
amount of outflow rises, showing that more blood goes from the ductus arteriosus to the
lower body and placenta.

Concerning the pressure drop over the narrowed area, we perceived that at around
80% stenosis the pressure gradient was around 20 mmHg. In current clinical practice, a
coarctation (as measured postnatally) is considered significant from this value onwards,
indicating that hemodynamic changes observed in our model agree with clinically
established knowledge [12]. Therefore, the simulations provide more insights into the
hemodynamics of aortic coarctation. Moreover this model provides patient-specific
pressure gradient estimations, which are challenging to obtain in the clinic.

On the other hand, implementation of the model in CellML/OpenCOR reduces the
computation time [9], making possible real time simulations, and it facilitates its reuti‐
lization for future applications.

The main limitation of this model is that fetal circulation is still quite simplified.
However, future lines of work aim to overcome this limitation by modeling the heart,
and thus, increasing resemblance to reality. Moreover, we haven’t analyzed the effect
of oxygen and vasoconstriction, which can also have an effect on the results.

5 Conclusion

In this paper, we proposed the use of a lumped model of the fetal circulation to evaluate
the hemodynamic changes in fetal aortic coarctation. Given the insight obtained, this
tool might help to improve prenatal diagnosis of aortic coarctation.
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Abstract. The analysis of left ventricle (LV) wall motion is a critical
step for understanding cardiac functioning mechanisms and clinical diag-
nosis of ventricular diseases. We present a novel approach for 3D motion
modeling and analysis of LV wall in cardiac magnetic resonance imag-
ing (MRI). First, a fully convolutional network (FCN) is deployed to
initialize myocardium contours in 2D MR slices. Then, we propose an
image registration algorithm to align MR slices in space and minimize
the undesirable motion artifacts from inconsistent respiration. Finally,
a 3D deformable model is applied to recover the shape and motion of
myocardium wall. Utilizing the proposed approach, we can visually ana-
lyze 3D LV wall motion, evaluate cardiac global function, and diagnose
ventricular diseases.

Keywords: Quantitative shape modeling · 3D motion reconstruction ·
Left ventricle (LV) · Cardiac MRI

1 Introduction

Cardiovascular diseases, such as ventricular dyssynchrony, heart attack, and con-
gestive heart failure, are one of the major causes for human death all over the
world. A comprehensive analysis of 3D heart wall motion is fundamental for
understanding the ventricular functioning mechanism, and essential for early
prevention and accurate treatment of the related diseases. However, classical
diagnosic tests, including electrocardiogram (ECG), echocardiography (echo),
chest X-ray, and cardiac catheterization, are not able to provide sufficient spatial
information with adequate resolution for motion modeling. The 3D echocardio-
graphy can be currently used to study cardiac motion and strains, but its visual
appearance may not be clear due to limited imaging quality. In the present study,
we adapt images from cardiac cine magnetic resonance imaging (MRI), which
is an a non-invasive imaging technique to visualize the heart conditions both in
time and space. The sequence of 2D MRI acquired along the long-axis (LAX)
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and the full cardiac cycle provides a complementary view of the shape and func-
tion of the left ventricle (LV) compared to the sequence of 2D MRI acquired
across the short-axis (SAX) and time. Thus, analyzing a set of 2D cine MRI
sequence can provide a feasible way to fully recover 3D LV wall motion.

In order to analyze the global function and the regional heart wall motion,
the contours of the epicardium and endocardium of the LV must be annotated
or delineated, either by human experts or machines. However, the annotation
procedure is time-consuming and tedious for doctors and physicians, which then
becomes a bottleneck for extraction of functional cardiac data in the clinical prac-
tice. An automatic method for LV segmentation (or contour extraction), which
would reduce both manual labor and annotation time dramatically, has been
sought for decades to increase the clinical efficiency of cardiac MRI. Recently,
some scholars have proposed several methods to address them. For example,
Paragios proposed a level-set method for cardiac MR segmentation [4] with the
gradient vector flow and geodesic active contour model. Jolly also introduced an
automatic segmentation method for both CT and MR images, using multi-stage
graph cut optimization in the image plane [5]. In addition, Zhu et al. developed a
statistical model, named subject-specific dynamic model (SSDM), to handle the
cardiac dynamics and shape variation [6]. Although the ring-shaped structure
formed by the paired epicardium and endocardium contours is fairly simple, the
cardiac MR imaging quality can be inconsistent, because of factors such as dif-
ferent acquisition settings or potential artifacts introduced by respiration during
the slow acquisition process. Furthermore, the endocardial contour is intrinsically
somewhat ill-defined, due to the presence of the papillary muscles and trabec-
ulations, which tend to be considered as part of the ventricular cavity. Thus,
the contours of the LV wall segmentation may need to be estimated even when
the local image contrast is partially corrupted; conventional intensity-based seg-
mentation methods may fail in such cases. Moreover, the prevailing approaches
[11–13] are mostly concerned with the SAX MR slices. Without further study
of the LAX slices and slice alignment, the calculation of the global functions for
the LV may not be accurate.

Removal of motion artifacts caused by varying respiration is another impor-
tant issue to accommodate for analyzing the function of the heart. Although the
cine MR sequences are captured at fixed spatial locations during breath-holding,
it is unlikely that the respiration phase would remain the same at different
slices of the cine MRI. The MR slices at different locations are inevitably mis-
aligned with spatial offsets and in-plane deformation. Such misalignment issues
can seriously affect the precision and representativeness of a 3D heart model
that is built up on the unaligned MR sequences. Therefore, we need to solve
this image registration problem between different MR slices. In [2], Lotjonen et
al. proposed an alignment method maximizing normalized mutual information
of image appearances between SAX and LAX slices. However, the optimization
procedure is highly non-convex and easily falls into a local minimum. Garlapati
et al. [10] proposed an effective method to solve the misalignment problems in
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brain imaging, based on the local boundary detection. It may not be applicable
in our case because the boundary of LV wall is not always clear in cardiac MRI.

Assuming the in-plane segmentation and slice alignment are accommodated,
3D shape modeling and motion reconstruction of LV wall are the next steps
in analysis. The 3D shape and motion provide quantitative and visual charac-
teristics to study the normal and abnormal heart functioning mechanisms in a
more comprehensive way, compared with echo. Park et al. studied the shape and
motion of the LV using a volumetric deformable model based on tagging MRI [1].
The dynamic deformation of the ventricular wall is computed with Lagrangian
dynamics and finite element method.

In this paper, we present a novel approach to reconstruct 3D shape and
motion of the LV wall for understanding ventricular functioning mechanisms.
First, we adopt a fully convolutional network (FCN) to extract epicardium
and endocardium contours from the MR slices. Second, we develop a new algo-
rithm to align MR slices in space, compensating the respiration effect. Finally, a
deformable model is utilized to recover the 3D shape and motion of the LV wall
with Lagrangian dynamics.

2 Myocardium Contour Extraction

In our approach, LV segmentation is defined as a pixel-wise semantic classifica-
tion problem, that is, segmentation with class labels. The pixels of myocardium
muscle within a semi-ring shape (formed by the epicardium and endocardium)
are labelled as one class; pixels of blood pool and other contents are labelled
as another class. We adopt the fully convolutional network (FCN), U-net [3],
as the learning model following the end-to-end convention during the training
and testing. The initial segmentation results are shown in Fig. 1, which don’t all
resemble the golden standard (Fig. 2).

We enforce strong shape constraints for the segmented contours resulting
from the previous step, since the ring-shaped structure of the LV contours is an
important prerequisite and the smoothness of contours needs further refinement.

Fig. 1. For example segmentation: the raw images (left) are segmented by FCN
(middle), which are close to the gold standard (right).
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Fig. 2. Left: clusters in the shape pool; right: mean shape.

Fig. 3. Four sample results before and after applying the group sparsity constraints:
red contours are the results from the proposed fully convolutional network (FCN),
green ones are the refined results after applying group sparsity constraints. (Color
figure online)

However, the raw prediction from the FCN sometimes forms ring-shapes with
unreasonable patterns, e.g., zig-zag curves or the intersection of two contours,
as shown in the fourth example of Fig. 3. The initial shape is generated from
the shape pool and can be reliably placed in the image plane even when the
appearance cue is misleading. The shapes of the LV wall vary from the phase
of end-diastole (ED) to that of end-systole (ES), and from the slices near the
aorta to those near LV apex. For instance, the contours close to the aorta may
be partially merged together, particularly in the membranous portion of the
interventricular septum, and the myocardium muscle close to the LV apex is
thinner compared to the muscle at other locations (although the typically oblique
intersection of the image plane with the apical LV wall in SAX images can
result in apparent increased wall thickness, due to volume averaging). We cluster
training shapes into different groups by the geometry and muscle thickness,
and compute the refined contours of testing data by optimizing the dictionary
learning formulation with the group sparsity constraints shown in Eq. 1:

minimize
x,e,β

⎧
⎨

⎩
‖T (y, β) − Dx − e‖22 + λ1

∑

s⊆S

‖xs‖2 + λ2 ‖e‖1

⎫
⎬

⎭
(1)

where T (y, β) is the similarity transformation with parameter β for aligning the
initial shape y, generated by FCN, to the mean shape of the shape pool. Matrix
D = [d1, d2, · · · , dk] represents the training shape pool, column vector di ∈ R

3n
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contains the coordinates of n vertices on the contours. S = {1, 2, · · · , k} is the
set of indices of x. The clustering process divides S into several non-overlap
subsets, S =

⋃
i Si, Si

⋂
Sj = ø,∀i �= j. Vector x ∈ R

k contains the weights for
the linear combination of shapes in the pool. xSi

is the sub-vector for the group
Si ∈ S, and the term

∑
Si⊆S ‖xSi

‖2 is a standard group-sparsity regularization
(l2,1 norm). Vector e models the non-Gaussian error in the case that partial
contour information is missing. λ1 and λ2 control the weights of two sparsity
terms. After solving the optimization, the myocardium contours are refined with
the most correlated shapes from a small group of shapes from the training pool.
The sample results are shown in Fig. 3. The similar process is conducted for the
LAX slices as well.

3 Rigid Image Registration for Spatial Alignment

The heart motion under respiration is mainly a rigid-body translation in the
craniocaudal (CC) direction, with minimum deformation [7]. Therefore, we
assume that in-plane rigid translation is sufficient to compensate the respira-
tion effect for SAX. We also assume the offset of one cardiac phase in a slice can
be applied for all cardiac phases at the location, because the respiration phase is
almost identical in one-slice acquisition with breath-holding. For simplicity, the
registration is carried out only at the state of end-diastolic (ED) for all slices
simultaneously.

We propose a novel slice alignment algorithm, described in Algorithm 1, to
adjust both SAX and LAX slices, using the contours from the previous step and
slice intersection relations. Since SAX slices are almost parallel to each other,
we take intersections between SAX and LAX slices, or different LAX slices,
into consideration. At SAX slice s, the corresponding image plane is Ts and 2D
contours (epicardium and endocardium) are vs. Contours vl in LAX slice l have
intersection points pl with slice s. Then, the closest points ps ∈ vs are computed
corresponding to all points in pl. ‖ps − pl‖2 = 0 ideally if no respiration effect
exists during the acquisition. However, as shown in Fig. 4, ps and pl may not
intersect with each other. The difference ps−pl provides the direction to shift the
image plane (or shift the contours equivalently). Computing all the intersection
points from LAX contours, the final translation displacement can be determined
by taking the average on ps −pl. The procedure is analogous for LAX slices. The
whole procedure is repeated if the marginal update of alignment is greater than a
fixed threshold. The complete algorithm, shown in Algorithm 1, is guaranteed to
converge to a stable condition where most intersection points are on the in-plane
contours among all slices and frames.

4 3D Shape Modeling and Motion Reconstruction

Deriving 3D shape and motion of LV wall from the well-aligned contours of differ-
ent slices is essential for understanding heart functioning mechanism. Analyzing
motion of a sequence of 2D contours along an axis and time is able to show some
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Fig. 4. Results (before and after) MR slice alignment. (a,b): SAX myocardium contours
and intersection points with LAX contours; (c,d): LAX myocardium contours and
intersection points with SAX contours; (e,f): all contour points in 3D space; bottom:
four sample slices with intersection points before and after alignment.

Algorithm 1. Joint alignment of 2D MR short- and long-axis slices
Data: all 2D contours v on different image planes T
Result: in-plane translation (δx, δy)s for each MR slice s

1 initial step coefficient γ = 0.5, initial gap threshold θ = 0.1;
2 initial (δx, δy)s = (0, 0);
3 compute intersection points p of v and T;
4 compute the closest in-plane points p′ ∈ v to p;
5 iteration index i = 1, maximum iteration number imax = 100;
6 while i ≤ imax and ‖p − p′‖ ≤ θ do
7 i ← i + 1;
8 for each slice s do
9 δxs ← δxs + γ ·∑ (p′

s − ps)x;
10 δys ← δys + γ ·∑ (p′

s − ps)y;

11 vs ← vs + (δx, δy)s;

12 end
13 compute intersection points p of v and T;
14 compute the closest in-plane points p′ ∈ v to p;

15 end

characteristics of heart motion. However, 2D image slices, at the same location
but at different phases of the cardiac cycle, actually may present different parts
of heart, due to the 3D ventricular motion. Thus, the sequence of 2D MRI slices
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Algorithm 2. LV wall motion computation over the whole cardiac cycle.
Data: all 2D contours v in space and time, a 3D reference shell shape S0

Result: shapes of LV wall at all cardiac phases
1 compute initial ED shape S from S0 to vED using non-rigid CPD;
2 initial threshold θ > 0, initial overall displacement update Δ > θ;
3 while Δ > θ do
4 compute the closest point sets u ∈ S corresponding to points in vED;
5 calculate forces based on difference vED − u;
6 interpolate forces f for vertices V ∈ S;
7 calculate q̇ and update q;
8 S′ ← update surface mesh S using q;
9 Δ ← ‖S′ − S‖, and S ← S′;

10 end
11 Sinitial ← S;
12 for cardiac phase t from ED to ES do
13 initial overall displacement update Δ > θ;
14 while Δ > θ do
15 compute the closest point set u ∈ Sinitial of points in vt;
16 calculate forces based on difference vt − u;
17 interpolate force ft for vertices in Sinitial, calculate q̇ and update q;
18 S′ ← update surface mesh Sinitial using q;
19 Δ ← ‖S′ − Sinitial‖;
20 St ← S′;
21 Sinitial ← S′;
22 end

23 end

does not show the true pattern of heart dynamics (shape, strain, etc.). In order to
achieve better analysis, we recover the 3D LV wall shapes over the whole cardiac
cycle from the sparse in-plane contours. We propose a new method, shown in
Algorithm 2, to reconstruct 3D LV shapes and motion, adopting the deformable
model. We use the rigid point-wise registration method, coherent point drifting
(CPD) [8], to initialize the 3D shape for the cardiac phase of end-diastolic (ED)
from a reference shape towards the aligned contours in space. The shapes for the
whole cardiac cycle are computed along the direction from ED to end-systolic
(ES). Next we construct the deformable model directly on the triangular mesh
from results of CPD registration. The point locations of the deformable model
are a function of time t and vector q:

x (q, t) = c + R (s + d) (2)

where c is the origin of local coordinates, R is a rotation matrix, s and d are
global and local deformation, respectively. q is defined as a vector of parameters
in kinematics and dynamics and ẋ = Lq̇, where matrix L is derived from Eq. 2.
According to Lagrangian dynamics, we have the following equation:

Dq̇ + Kq = ft (3)
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Fig. 5. 3D yellow models are the LV models, red curves are the 2D aligned contours
from SAX and LAX slices in space. (a) Initial model from the referenced LV model at
the phase of ED using CPD; (b) fitted model for the phase of ED using deformable
model based on the contours; (c) LV model at the phase k − 1 and contours at the
phase k; (d) final fitted model at phase k. (Color figure online)

where D is the damping matrix, and K is the stiffness matrix. The external
force ft at phase t is proportional to the Euclidean distance between contour
points and initial shape S within a local neighborhood. Once we have the initial
shape, we can update the deformable model and the corresponding mesh by
solving Eq. 3. Therefore, the shape at each phase can be computed using the
computed shape of the previous phase as initialization for deformation (Fig. 5).
Then, we can recover the whole motion of the LV wall phase-by-phase with
proper smoothness (guaranteed by the deformable model).

5 Experiments

We used a cardiac MRI dataset containing MR image sets of 22 normal vol-
unteers and 3 patients for the initial study. The patients all had heart failure
with dyssynchrony, and were scheduled for cardiac resynchronization therapy
(CRT). We manually annotated LV contours for all LAX and SAX images at
each location over different cardiac phases, except the slice planes that did not
cut through the LV. Image size varied between 224 × 204 pixels and 240 × 198
pixels, and its resolution varied from 1.17 mm to 1.43 mm. In total, 25 subjects
(approximately 5625 images, both SAX and LAX) were used from our dataset,
randomly divided into training set (20 subjects) and testing set (5 subjects). The
SAX and LAX network models were trained separately. A 5-fold cross-validation
was used in the training set. We compared the results for FCN and the proposed
methods, using Dice’s coefficient as the evaluation metric for segmentation. The
result in Table 1 shows that the proposed method has better performance than
FCN, because the shapes of output contours are regularized. For the motion
reconstruction, some manual adjustment of segmented contours is necessary in
terms of accuracy, which takes a few minutes for each case, on average. Once
the adjustment of contours is finished, we conduct the processing steps without
any further update for the contours.
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Table 1. Evaluation results

Dice’s coefficient Our dataset Challenge dataset

U-Net (mean) 0.70 0.53

U-Net (std) 0.07 0.15

Proposed method (mean) 0.86 0.70

Proposed method (std) 0.04 0.12

Fig. 6. Two views of LV model at three frames: first row for a volunteer, second row
for a patient.

We also evaluated our methods with the public dataset from the cardiac
MRI segmentation challenge of MICCAI 2009 [9], as well. The dataset, from the
Sunnybrook Health Sciences Center, contains 45 cine SAX slices, covering both
normal and abnormal cardiac conditions. Image size is 256 × 256 pixels, and
its resolution varies from 1.2500 mm to 1.3672 mm. Expert annotations of endo-
cardium and epicardium contours are provided for some slices at EDV and ESV
phases. We only evaluated the cases where both endocardium and epicardium
annotations are given for the same image. The dataset is divided into three
subsets: training, validation, and online, following the standard nested cross-
validation. We trained our model with the training set (135 images), evaluate
the model with the evaluation set (138 images) and tested with the online set
(147 images). Accuracy was measured with the Dice’s coefficient, as well shown
in Table 1. The accuracy is slightly less than previous experiments since the
training set is fairly small.

The average distance between the contour points and the reconstructed model
is utilized as the metric to evaluate the performance of the rigid alignment. The
result for the whole dataset along the cardiac phase is shown in the Fig. 7.
We find that the distance at each time point is much smaller when applying
alignment than that without any alignment. This means our alignment strategy
well improves the consistency of contours in 3D space well. The model from the
aligned contours is also improved, as shown in Fig. 8.
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Fig. 7. The average distance (in mm) between contour points and reconstructed model
along the full cardiac cycle for the whole dataset.

Fig. 8. Left: the model reconstructed from the contours without aligned; right: the
model from the contours with alignment. The model shape with alignment becomes
more proper and smooth comparing result without alignment.

Figure 6 shows the reconstructed shapes at different frames of the cardiac
cycle. There is a clear difference between LV motions of normal volunteers and
those of patients with heart dyssynchrony. In the ES phase, the LV contracts well
to pump the blood out for normal people; whereas, it does not deform as much
for patients, which means the patients’ hearts are unable to function properly.
Based on the reconstructed model, we can study the LV volumes along time for
normal volunteers and patients shown in Fig. 9. Comparing with normal people,
the patient’s LV contains more blood and it does not contract much during the
cardiac motion (which also can be proved by the ejection fraction rate: 55% for
a normal volunteer and 28% for a patient). 2D myocardium contours in tagged
MR slices, which are useful for further studying the interior dynamics of the LV
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Fig. 9. LV volume change along time within a full cardiac cycle for a normal volunteer
and a patient with heart dyssynchrony.

Fig. 10. Intersected contours of fitted model on a tagged MRI slice.

wall, can also be located and mutually registered, based on the reconstructed
3D LV model and its intersection with the MR planes (as shown in Fig. 10).

6 Conclusion

In the paper, we proposed a novel approach to reconstruct 3D shape and motion
of LV wall from cardiac cine MRI. The approach is effective and efficient with
few user interactions. We may extend the proposed approach to the tagged MRI,
whose alignment is still challenging due to the imaging artifacts. We call for the
future extension to explore our approach to other potential applications.
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Abstract. Simulation of heart function requires many components, including
accurate descriptions of regional mechanical behavior of the normal and infarcted
myocardium. Myocardial compressibility has been known for at least two
decades, however its experimental measurement and incorporation into compu‐
tational simulations has not yet been widely utilized in contemporary cardiac
models. In the present work, based on novel in-vivo ovine experimental data, we
developed a specialized compressible model that reproduces the peculiar unim‐
odal compressible behavior of myocardium. Such simulations will be extremely
valuable to understand etiology and pathophysiology of myocardium remodeling
and its impact on tissue-level properties and organ-level cardiac function.

Keywords: Myocardium · Cardiac simulation · Compressibility

1 Introduction

Myocardial infarction (MI) induces maladaptive remodeling of the left ventricle (LV),
causing dilation, wall thinning, change in mechanical properties, and loss of contractile
function [1]. Simulation technologies can potentially lead the way for in-silico based
models of the heart for many therapeutic applications. One of the truly unique advantages
of computational modeling of the heart is its ability to estimate parameters that cannot
be measured directly. One of these parameters, ventricular wall stress, may be the single
most important indicator of ventricular myocardial function [2]. Specifically, a compu‐
tational platform to accurately evaluate the effect of MI on cardiac function impairment,
acutely and chronically, would be extremely valuable to understand etiology and path‐
ophysiology of myocardium remodeling, its impact on tissue-level properties and organ-
level cardiac function, and ultimately, to improve virtual surgery technologies, medical
device development, as well as to provide quantitative risk stratification tools for these
interventions.
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However, material modeling of myocardium, and its critical numerical implemen‐
tation, remains an area where much progress is required. One particular challenging
feature of functioning myocardium is the interaction of coronary flow with myocardial
contractility and compressibility. Increases in perfusion pressure have been shown to
increase myocardial tissue volume strain and decrease its compliance [3]. During in vivo
function, active muscle contraction influences flow in the coronary vessels, micro-
circulation, and venous collection systems embedded in the myocardium. Systole has
been shown to inhibit coronary flow perfusion [4], and diastole introduces an “intra‐
myocardial pump” that adds sucking action on arterial blood as a result of the previous
systole and compensates for the lower or even retrograde systolic flow [5]. While volu‐
metric changes in the myocardium during the cardiac cycle have been known to occur
for at least two decades [6], their incorporation into cardiac simulations and realization
of this important effect in cardiac function has yet to be fully accomplished. In the
following study we present novel experimental studies, material modeling, and numer‐
ical simulations as first step in developing more realistic cardiac models.

2 Methods

We have developed an in-silico model of MI using a comprehensive model pipeline
(Fig. 1) and based on extensive datasets from a single ovine heart collected in vivo and
ex vivo. All data collection of this in silico heart model was performed at the Visible
Heart Laboratory (VHL, University of Minnesota), in three steps: (1) in vivo, (2) ex situ,
and (3) ex vivo. Heart cavity pressures and volumes were acquired in vivo with cathe‐
terization and somicrometry. Epicardial electrical activity was measured with mono‐
phasic action potentials and diverse 2D echocardiography imaging was conducted to

Fig. 1. Complete modeling pipeline from the single heart data source.
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obtain validating datasets of in vivo heart function. The ex situ step was conducted in
an isolated heart flow loop replicating in vivo conditions but where much better access
was possible for extensive data collection. Subsequently, the heart was fixed under end-
diastolic pressures with valves coapted and imaged. Magnetic resonance images (MRI)
at end-diastole (Fig. 2a) were segmented (Fig. 2b) to create a finite element (FE) mesh
(Fig. 2c). Diffusion tensor MRI (DTMRI) data (Fig. 2d) was aligned with the FE mesh
(Fig. 2e) and employed to prescribe principal fiber direction of the FE model for the
specification of the anisotropic material law (Fig. 2f).

Fig. 2. (a) magnetic resonance imaging at the end diastolic configuration; (b) segmentation of
the biventricular heart up to the mitral valve plane; (c) FE mesh of the biventricular heart model;
(d) diffusion-tensor magnetic resonance imaging; (e) alignment and overlay of the MRI-DTMRI
datasets; and (f) determination of principal material directions of the FE model for proper
specification of transversely isotropic material properties and active fiber contraction.

As a first step, we utilized a conventional incompressible transversely isotropic
Fung-based hyperelastic model for the passive mechanical properties of myocardium of
the form
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where the Jacobian of the motion is
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The passive mechanics of the myocardium is described by its volumetric and devia‐
toric responses, given by respectively
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where K is the bulk modulus (with K ≫ c enforcing material incompressibility), c and
𝛼 are passive material parameters, and 4th order tensor ℂ characterizes the transverse
isotropy of the material, specifically resulting in
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with A1 = 12.0, A2 = 8.0, and A3 = 26.0 [7]. The passive model parameters c and 𝛼 are
calibrated to match the general end-diastolic pressure volume relationship obtained by
Klotz et al. [8].

The active stress responsible for myocardium contraction follows Hunter-
McCulloch-Ter Keurs model [9] and is given by

𝐒
act = TCa2+ (𝐱, t)[1 + 𝛽(𝜆 − 1)]𝐦⊗𝐦, (9)

where m is the fiber direction and local fiber stretch is

𝜆 = 𝐦 ⋅ 𝐅
T
𝐅𝐦. (10)
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Time and space-dependent active contraction TCa2+ (𝐱, t) is driven by epicardial elec‐
trical activity measured with monophasic action potentials (MAP). A total of 71 meas‐
urement (over cardiac cycle and synchronized with the QRS complex of ECG) were
taken at scattered locations of the LV and RV epicardium. The measurement locations
were employed to define an interpolating triangulation, and subsequently, the MAP
waveform at each individual FE was obtained with barycentric coordinates in the trian‐
gulation. The pressure-volume (PV) loop, measured through catheterization and sono‐
micrometry, was used to best-fit the modulation of active contraction. We did not

Fig. 3. (a) sonocrystal study in the ovine model; (b) sonocrystal layout; (c) prolate spheroid
wedge used for strain analysis; and (d) regional dilatation for normal myocardium showing
regional variations of volume change.
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perform systematic coupling of the electrical and mechanical aspects of functioning
myocardium, but we have used measured electrical data to modulate spatially and
temporally the heterogeneity of contraction in active myocardium to simulate the in vivo
PV loop.

We conducted novel regional experiments using an ovine model with 27 sonocrystals
implanted in a 3D array in the LV free wall (Fig. 3a, b) [10]. The positions of the sonoc‐
rystals during the cardiac cycle in vivo can yield a direct measurement of the changes
of volume of myocardial tissue. However, a richer analysis can be achieved with a
prolate spheroidal coordinate wedge defined in the region delimited by the sonocrystals
(Fig. 3c), and the regional strain field is determined from their motion using FE techni‐
ques with Sobolev norm regularization [11]. From the strain field we determined the
regional dilatation (normalized volume change, Fig. 3d). Experimental data demon‐
strated a progressive decrease in dilatation from the epi- to the endocardial surfaces, and
from the direction of the base to the apex. These results indicated that myocardium does
not deform isochorically during systole and myocardial tissue volume decreases (with
volumetric changes ranging from 1.0 to ~ 0.75), so that conventional compressible
material models cannot be used as J ≤ 1 still needs to be enforced.

To account for this distinctive type of compressible material behavior (i.e. incom‐
pressible to prevent volume increases but compressible to allow for volume reductions
while actively contracting), we have developed a specialized material model that utilized
a penalty term allowing for a reduction in volume only and was modulated by the active
contraction. Specifically, we have enforced material incompressibility to passive
mechanical deformations that involve volumetric changes (i.e. J = 1 is enforced when‐
ever TCa2+ (𝐱, t) = 0), however a functional form for bulk modulus K dependent on the
amount of active contraction was chosen, i.e. K ≡ K(TCa2+ ) such that the material
becomes compressible during active systole and reductions in volume occur. Because
we are interested in modeling changes from end-diastole to peak-systole, a linear form
for K (decreasing from K inc = 10 GPa for nearly-incompressible myocardium) with
increasing TCa was sufficient to obtain the observed reduction in volume observed from
end-diastole to peak-systole, when Ksystole = 0.64 GPa.

3 Results

MRI, DTMRI, MAP, and in vivo PV loops allow the construction of a physiologically
significant in silico heart model. Passive mechanical properties compared favorably with
previous literature, time-modulation of active contraction shows good agreement with
typical calcium-activated contraction, and qualitative comparison with in vivo 2D echo
validated the baseline healthy model [12]. Testing of the material model was done in
several steps, starting with a basic 3D cube to investigate how axial contraction produces
transverse expansion (Fig. 4). Note that as the level of compressibility increases, the
level of transversal expansion decreases. The impact of myocardial compressibility in
active mechanics is substantial – not only incompressible models are unable to replicate
the volumetric changes during systole, but also the required activation TCa to replicate
the experimentally measured PV loop was substantially overestimated (Fig. 5).
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Fig. 4. The effects of the same axial contraction on the corresponding transverse stretches (F22
and F33) and volumetric changes (J). Material compressibility impacts the relationship between
active contraction and wall thickening.

Fig. 5. Active contraction TCa inversely determined with the observed PV loop (D = 2/K). Active
contraction increases up to a maximum at peak-systole, and relaxes over diastole. Incompressible
myocardium requires substantially higher active contractions to achieve similar cavity volumes.

We simulated stiffening and loss of contractility in infarcted myocardium by
prescribing a region of infarct observed experimentally in the ovine model of MI (shown
as medium MI in Fig. 6) and determined the magnitudes of each effect by inversely
matching the infarcted PV loop. In vivo function in the baseline and infarct models was
quantitatively validated with the transmural strain smooth fields determined with sonoc‐
rystal arrays. Changes in properties (passive mechanics and active contraction) in
infarcted and border-zone regions around the LV apex to best-fit the in vivo MI PV loop
resulted in good agreement with transmural strain field observed in vivo and with
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previous findings. Subsequently, we have conducted a parametric study on the intensity
of MI including minor and severe MI case-studies (Fig. 6).

Fig. 6. Simulations of myocardium using the new material model showing the effects of gradual
increases in myocardial infarction and the increase of apical LV chamber dilatation due to the
reduction in local active contraction (blue). Accuracy of such simulations are enhanced with
appropriate modeling of material compressibility. (Color figure online)

4 Discussion

The employment of a complete dataset from a single heart to develop an in-silico model
avoids unnecessary image registration between MRI and DTMRI images. The coupling
between electrical activity and active contraction is significant to heart biomechanics
and is needed to obtain physiological realistic heart function. Myocardium is extensively
perfused with distensible vessels (approximately 10–20% of the total volume). Increases
in stiffness/tension of the surrounding tissue, as occurs during muscle contraction, causes
the fluid to be extruded from these vessels [6]. Most importantly, the finding that
perfused myocardium is compressible implies that results from analyses that assume
incompressibility are not realistic. Not only the ventricular walls modeled with incom‐
pressible myocardium will be thicker at peak systole (as the relationship between fiber
shortening and wall thickening is highly sensitive to volumetric changes) but also
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ventricular and myofiber stress and active tension will be substantially overestimated –
the former is crucial for accurate representation of ventricular kinematics and the latter
is a key factor in myofiber stress and ventricular remodeling. To simulate MI, we have
found that both impairment of contraction and stiffening of myocardium were necessary
to replicate appropriately MI biomechanics. Subsequent remodeling mechanisms of
collagen fiber re-orientation that change the material anisotropy locally may be impor‐
tant and are subject of future studies.

Acknowledgments. National Institutes of Health grants R01 HL068816, HL089750, HL070969,
HL108330, and HL063954.
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Abstract. In this paper, we capture patterns of response to cardiac
stress-testing using a multiview dimensionality reduction technique that
allows the compact representation of patient response to stress, regarding
multiple features over consecutive cycles, as a low-dimensional trajectory.
In this low-dimensional space, patients can be compared and clustered in
distinct healthy and pathological responses, and the patterns that char-
acterize each of them can be reconstructed. Experiments were performed
on (a) synthetic data simulating different types of response and (b) a real
acquisition during a cold pressor test. Results show that the proposed
approach allows the clustering of healthy and pathological responses, as
well as the reconstruction of characteristic patterns of such responses, in
terms of multiple features of interest.

Keywords: Stress echo · Strain · Multiview · Dimensionality reduc-
tion · MKL

1 Introduction

Characterizing cardiac response to increased activity or adverse situations is
key in the analysis of Heart Failure (HF) etiologies. For this matter, the clin-
ical value of stress-testing is well established: in clinical practice, standardized
stress-invoking protocols (e.g. dobutamine challenge [15], cycling/running with
controlled heart rate, exercise time or generated power [3]) are adopted. The
strictly protocolized nature of these tests makes the collection of measurements
of cardiac function at only a few well-defined time-points/stress-levels of the test
(e.g. 4 in the case of dobutamine challenges) sufficient to analyze how the heart
copes with the induced stress. These tests are, however, difficult to implement
at a large scale (i.e. in all patients), due to the required time, equipment and
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staff (and thus cost). Handgrip [7] or cold pressure testing [14] are, on the other
hand, cheap, fast, and easy ways to invoke stress. However, they are difficult to
standardize, and thus not reproducible with regard to timings/intensity levels
of the stress challenge. This makes the classical ’single time-point’ measure-
ments at different stress levels infeasible, implying a continuous data acquisition
throughout the test (e.g. 40–60 cycles). In this context, the assessment of cardiac
response to stress needs to be performed based on the quantification of trends
rather than on amplitude differences. Naturally, this kind of acquisition raises
other challenges, such as the considerably increased amount of data involved,
and well-known issues related to their processing, such as image artifacts caused
by breathing motion in echocardiographic sequences. In this paper, we propose
an approach based on multiview dimensionality reduction for the analysis of
response to stress in such contexts. We start by defining features of interest
to be collected at each consecutive cycle, for each patient, such as heart rate
and deformation features. Then, the approach allows the projection of several
patients onto a space where the response to stress of each patient is compactly
represented as a low-dimensional trajectory, that encodes change patterns in the
defined features. The main objective, once this space is obtained, is to discrimi-
nate healthy and pathological responses, and to reconstruct the patterns in the
features of interest that characterize them.

As a first step, a synthetic dataset was generated, so as to obtain a sufficient
number of patients to evaluate the performance of the approach in terms of the pro-
posedobjectives, i.e. itscapabilityofclusteringdifferenttypesofresponseandrecon-
structing the main patterns that characterize them. Then, we used a real echocar-
diographic sequence, acquired on a healthy volunteer during a cold pressor test, to
illustrate the applicability of the proposed approach in a real context.

2 Synthetic Data

The importance of heart rate (HR) and left-ventricular (LV) deformation pat-
terns for the analysis of response to stress has been demonstrated in several
clinical studies [6,15]. In particular, the longitudinal deformation function of the
LV is presumed to be one of the earliest to be reduced in several cardiovascular
pathologies [8]. For these reasons, we selected HR and the global longitudinal
strain (GLS) curve as features of interest to monitor over each patient’s stress
test. GLS is here defined as the change in longitudinal size of the LV during
the cardiac cycle, relative to the end-diastolic size. The features were collected
for each consecutive cycle, namely one HR value and one vector holding the
evolution of GLS throughout the cycle.

2.1 Model

The model for generating synthetic GLS curves is based on 4 control points
adjusted in time and amplitude, and piecewise cubic spline interpolation. Let us
first consider 6 keypoints pi = (ti, Ai), i = 0, .., 5, of the GLS curve, as illustrated
in Fig. 1.
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Fig. 1. Synthetic GLS curve model.

Here, p0 = (0, 0) and p5 = (t5, 0)
correspond, respectively, to the start
and end points of the cardiac cycle,
p0 coinciding with mitral valve clo-
sure. Furthermore, we define t1 as
the instant when GLS slope effectively
becomes negative, t2 as the instant of
aortic valve closure (AVC), t3 as the
instant when GLS slope turns posi-
tive (start of relaxation), and t4 as the
start of atrial contraction (AC). Since we capture the variation of the HR as a dis-
tinct feature, all GLS curves were normalized in time and all ti ranged between 0
and 1 for all cycles. Timings and amplitudes of p1 to p4 can be adjusted to reflect
stress-induced changes as described in the literature [15]. A few additional points
were defined to maintain key features of the GLS curves, whose coordinates were
defined proportionally to p1, p2, p3 and p4, and thus passively followed these
active control points. Each synthetic GLS curve results then from the piecewise
cubic spline interpolation of the set of points defined by the extremes of the
cycle p0 and p5, the active points p1 to p4, and the remaining passive points.
Since the extremes are fixed and the passive points change passively with the
active points, the GLS curve needs only 8 parameters to be defined, which are
the timings and amplitudes of p1 to p4.

2.2 Dataset Characteristics

To generate physiologically consistent GLS curves, we took as reference previ-
ous clinical studies where physiological and pathological responses to stress are
characterized [15]. Three types of response to stress were recreated: one nor-
mal (Fig. 2a), and two pathological with the following signatures: post-systolic
shortening (PSS, i.e. continuation of shortening after AVC – Fig. 2b) and the
combination of PSS and prolonged early relaxation/delayed AC (Fig. 2c).

Fig. 2. Three types of responses to stress were considered in the generated synthetic
GLS curves: (a) normal, (b) pathological with PSS, (c) pathological with PSS and
prolonged early relaxation/delayed AC.

For each type of response, 5 synthetic patients were generated. To include
inter-patient and inter-acquisition variability, the parameters of the model, the
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total number of cycles, the point where stress was introduced, and the time
it took to reach peak stress, were slightly varied among patients. In terms of
HR, the response was considered normal for all patients (≈60 beats per minute
(bpm) baseline; ≈120bpm peak stress). The responses were considered to be
approximately linear in time from baseline to peak stress. An example of a
synthetic sequence of GLS curves and corresponding HR values is illustrated in
Fig. 3.

Fig. 3. The 2-feature sample representation of a synthetic patient: sequence of GLS
curves and respective HR values, from rest to peak stress (blue to green). (Color figure
online)

In summary, we generated a synthetic dataset consisting of 15 patients with a
2-feature sample representing each of their (≈15) consecutive cycles. The dimen-
sionalities associated with those 2 features are 1 (HR) and 75 (GLS curve). For
analyzing the main trends and modes of variation in the data, and how they are
clustered, it is convenient to obtain a more compact representation of the data.
For that reason, we performed dimensionality reduction.

3 Dimensionality Reduction Methodology

Within dimensionality reduction approaches, unsupervised methods are particu-
larly suited for analyzing the main trends and modes of variation in the data, and
discover how they are clustered. Furthermore, a non-linear method was preferred,
for the sake of robustness to possible data distribution geometries where linear
methods such as Principal Component Analysis [5] might deliver limited per-
formances. Within non-linear methods, those categorized as graph embedding
algorithms (e.g. Isomap [13], Laplacian Eigenmaps [1] (LEM), Locally Linear
Embedding [10]) are particularly popular. However, all of the above-mentioned
methods are prepared for a single multivariate input. Given that the GLS is
a multivariate feature with a functional structure, concatenating our two fea-
tures into a single multivariate input does not seem to be the most appropriate
way to deal with our data. Instead, a multiview approach was considered more
suited.1 We thus selected the unsupervised formulation of the Multiple Kernel

1 In the context of multiview learning, the term view refers to each such independently
considered feature. The terms view and feature are hereafter used interchangeably.
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Learning (MKL) algorithm for dimensionality reduction [9], which can be seen
as a multiview generalization of the non-linear method LEM. In addition, MKL
has been shown to perform well in several multiview dimensionality reduction
problems [9], including cardiovascular applications [11].

3.1 Formalism of Unsupervised MKL

Let us consider N input samples, each one consisting of F uni/multivariate fea-
tures. For each feature f = 1, ..., F , an affinity matrix W f ∈ R

N×N is computed
using the Gaussian kernel, which encodes the similarity among samples. Let us
now express W f as the set of its columns, W f = [W f

1 , ...,W f
N ], W f

i ∈ R
N , i =

1, ..., N , and let matrix K
i ∈ R

N×F be defined as K
i = [W 1

i , ...,WF
i ]. The map-

ping of a sample i to the output space is expressed as

yi = AT
K

iβ , (1)

where A is the projection matrix to the output space and β ∈ R
F contains

the normalized weights of each feature f in the mapping. Let W be a linear or
non-linear combination of all the feature-wise similarity matrices W f (we used
W = 1

F

∑
f W f ). The entry Wij corresponds then to a similarity coefficient

between samples i and j in the input space based on their F features. The
goal is to map the data onto a lower-dimensional space where samples that are
close in the input space remain close in the output space. Extending the idea of
Laplacian Eigenmaps [1], the optimal embedding can be obtained by finding A
and β which minimize

∑

ij

‖AT
K

iβ − AT
K

jβ‖2Wij . (2)

Thus, close samples in the input space (high Wij) will be enforced to remain
close in the output space, so as to minimize the product ‖yi − yj‖2Wij . Matrix
W is often made sparse, so that pairs of samples that are very distant do not
contribute to the final projection.

Lin et al. [9] proposed an iterative two-step approach that alternately solves
the minimization for β and for A. To better control and understand the effects
of weighting the features in the obtained projections, we withdrew β as mini-
mization argument, tuned its value, and solved the minimization of (2) for A
through a generalized eigenvalue problem (first step of the minimization strat-
egy proposed by Lin et al. [9]). The first dimensions of the obtained space cor-
respond to the eigenvectors with lowest associated eigenvalues, and encode the
main modes of variation of the data.

3.2 Multiscale Kernel Regression

After the optimal mapping is obtained, multiscale kernel regression (MKR) [2,4]
can be used to associate an output-space sample with its corresponding form in
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the input feature space. This is done based on the similarity of such output-space
sample to all others in the output space, and their known representation in the
input space. By studying the effects of moving a sample along a dimension of
the output space in its input space representation, we can analyze the modes
of variation of each input feature encoded in such output-space dimension, and
relate output-space trajectories with specific patterns in the input features.

3.3 Generalizing for Multiple Views and Multiple Samples
per Subject

MKL has been applied before in echocardiography by Sanchez-Martinez
et al. [11] for the analysis of the main modes of variation in the myocardial
velocity traces among healthy patients and patients suffering from HF with pre-
served ejection fraction, under rest and stress conditions. In [11], each patient
was represented by one sample with 6 different views, which included 4 cycle-
wise velocity curves (basal/septal regions of the LV at rest/submaximal exercise)
and 2 vectors providing information on the timing of cardiac phases.

In this paper, in addition to multiple patients, we consider multiple temporal
samples per patient, which draw a trajectory from rest to stress. In this context,
we have interest in analyzing the modes of variation in the input features both
among patients and over time, or, in other words, in analyzing and comparing
patient trajectories. For that, we need to map all the patients onto the same
space. Assuming that all patients lie in a common manifold, one possible app-
roach is applying MKL having as inputs affinity matrices W f that compare all
samples (i.e. cardiac cycles) of all patients. More specifically, each input sample
consists of two views (GLS and HR) from a cycle c of a patient p, and it is
indexed according to i(p, c) =

∑p−1
q=1 Nq + c, where Nq represents the total num-

ber of cycles of patient q. Conveniently, this approach does not require an equal
number of samples from the different patients, nor identical sampling grids.

In this context, the proposed approach comprises the following steps:

1. Collecting the 2-view (HR value and GLS curve) sample corresponding to
each of the consecutive cycles of each of the patients;

2. Building feature-wise affinity matrices W f , f = {GLS,HR} comparing all
samples of all patients;

3. Tuning Gaussian kernel bandwidths (σf ) and sparsity of W to adjust the
sensitivity of the algorithm to the order of amplitudes of the sought modes
of variation;

4. Normalizing the affinity matrices by variance before being fed to the MKL
algorithm;

5. Tuning β and finding the projection matrix A of the data which minimizes
the objective function in (2);

6. Applying data projection.
7. Performing MKR to obtain the modes of variation encoded in each dimension

of the new space.
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Once all samples are projected to the output space, the temporal trajectory of
each patient in the new space can be obtained by connecting his samples over
time. These trajectories can be analyzed dimension-wise. Then, within the first
dimensions (which encode the main variations in the data), we can perform a
combined analysis of the trajectories and the corresponding modes to search
for those more relevant for the characterization/discrimination of responses to
stress.

4 Experiments with Synthetic Data

In the experiments with synthetic data, HR and GLS curves for each of the
(≈15) consecutive cycles of each of the 15 synthetic patients were collected as
described in Sect. 2.2. We then applied our MKL extension described in Sect. 3.3,
each HR value and GLS curve per cycle/patient being considered as an input
sample. MKL projects these input samples to a low dimensional space, where
trajectories over time can be reconstructed. Figure 4 shows, in the right column,
these trajectories for some dimensions of the MKL output space (#1, #4, #5).
In these plots, each curve represents one patient, and the color corresponds to
the patient class (healthy/PSS/PSS+AC label, see Sect. 2.2). For interpreting
what each dimension of the output space relates to in the input samples, we
applied MKR as described in Sect. 3.2. Through MKR, we were able to recon-
struct the modes of variation in GLS curves and HR associated to each dimension
of the output space. In the left and middle columns of Fig. 4 we show the results
regarding three GLS and HR modes that we considered important in the char-
acterization/discrimination of different types of response to stress. Trajectories
over time (right column) for each mode, combined with physiological interpre-
tation of the mode can reveal important trends in the data. For example, in the
first dimension, the trajectory plot shows that the 3 groups of 5 patients exper-
iment a similar upwards trajectory over consecutive cycles. The HR and GLS
modes associated to this dimension indicate that it encodes a mix of the dif-
ferent pathological responses included in the database (PSS, AC amplitude and
timing). A mapping between the trajectory and the corresponding GLS and HR
is plotted by the colorbar on the right. By looking at the colorbar, we can relate
the shift in the output coordinate with the color shift of the GLS curves and
HR values: it reveals an increase in GLS peak amplitude and in HR over time as
the main factor of response to stress. As this mode is common to both healthy
and pathological, further modes are needed to differentiate the populations. In
the 4th and 5th dimensions of the output space, trajectories diverge over time
between healthy and pathological populations. The 4th dimension represents
increasing levels of PSS, whereas the 5th dimension corresponds to increasing
AC delays in the pathological trajectories. These results show that, while con-
siderably reducing the dimensionality of the data – we moved from a space where
each sample consisted of 2 views, represented by a scalar and a 75-sized vector,
to a space where each sample is represented by a single 3-coordinate vector – we
can reconstruct important patterns of response to stress.
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Fig. 4. Synthetic data: modes of variation of GLS curves and HR and patient trajecto-
ries over 3 dimensions of the output space. MKL parameters: βGLS = 0.98; βHR = 0.02;
σf : average f -wise 4-NN distance; sparsity of W: for each sample i, the 10% highest
Wij entries were preserved. MKR parameters: The GLS and HR modes were obtained
at increments of the standard deviation σd (from −2σd to 2σd) for each dimension
d. The colorbars link output coordinates to GLS curves and HR values. (Color figure
online)

Furthermore, to investigate how patients were clustered in the output space,
we computed the distance of each patient to each group in a leave-one out
experiment. The trajectories of each patient were first averaged in the output
space to obtain a single output point per patient. Then, for each patient, the
averages of the distances to the k nearest neighbors (k-NN) within each group
were used as patient-group distance estimates. A scatter plot of these distances
is shown in Fig. 5, suggesting that the output space is able to discriminate the
3 groups defined in Sect. 2.2.

Fig. 5. Mapping of synthetic patients based on their output-space k-NN distances to
each patient group (k = 3).
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In conclusion, these results show that the proposed approach succeeds to meet
the initially set objectives: it allows a compact representation of responses to
stress in terms of multiple features as low-dimensional trajectories, the clustering
of different types of response, and the reconstruction of the patterns in the input
features that characterize them.

5 Application to Patient Data

5.1 Collection of the Features of Interest

The proposed approach was then tested on echocardiographic data acquired from
one volunteer during a cold pressor stress test, provided by Centre Hospitalier
Universitaire de Caen (CHUC). The immersion of a subjects’s arm in iced water
is known to trigger responses in the cardiovascular system, including arteriolar
constriction and increased HR [14]. Consequently, blood pressure increases, pos-
ing an afterload challenge to the LV. The echocardiographic recording consisted
of over 4000 apical 4-chamber view frames corresponding to about 60 consecutive
cycles, and respective ECG traces (Fig. 6a). The LV myocardium was segmented
on the first frame and its deformation was tracked over consecutive frames using
the Sparse Demons registration algorithm [12]. GLS was computed as the rel-
ative change in longitudinal size of the LV during the cardiac cycle. The start
and end points of cardiac cycles were defined by the timings of the R-peaks of
the ECG. An inter-cycle registration was first performed (i.e. among the initial
frames of all cycles), followed by the intra-cycle registration (i.e. among consecu-
tive frames within each cycle), so as to prevent high error accumulation. Motion
artifacts were addressed through drift correction. It is worth referring that, given
the considerable size of the frame sequence and the breathing motion artifacts
that are strongly amplified with stress, performing a quality tracking over the
whole sequence represents a big challenge. HR information was extracted from
the ECG. We assume that stress was introduced around the 30th cycle, when
HR shows a sudden sharp increase (Fig. 6b).

Fig. 6. Patient data. (a) Echo frame and ECG from a cold pressor test acquisition (an
animated version is available at http://goo.gl/WGCJpt). (b) Extracted GLS curves
and corresponding HR values, from rest to peak stress (blue to green). (Color figure
online)

http://goo.gl/WGCJpt
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5.2 Experiments

After the collection of the 2-view samples for each consecutive cycle of the acqui-
sition, the methodological steps in Sect. 3.3 were applied. Given that we had data
from one single patient, we sought modes, and trajectories over time in such
modes, that correlated with the timing of stress and/or known physiological
GLS patterns. In Fig. 7, we observe that the trajectory in the first dimension of
the output space is very correlated with the timing of stress, as a clear upwards
motion starts around the 30th cycle. Interestingly, the corresponding GLS mode
of variation reveals two pathological signatures of stress-response that had been
introduced in the synthetic dataset: PSS and late AC. Looking at the colorbar,
an upwards trajectory corresponds to increasing HR and reinforcing these GLS
signatures. Indeed, to cope with the acute afterload challenge, the patient’s heart
developed inotropic mechanisms similar to some typically observed in hyperten-
sive patients (chronic afterload challenge). Given that this is a quite demanding
challenge for the heart, it is not uncommon to find traces of these mechanisms
even in normal patients. In this context, it is rather how accentuated the patho-
logical signatures are, or the combination with abnormal changes in other fea-
tures, that distinguish physiological adaptations from pathological responses.
With the second dimension, we illustrate how data artifacts/tracking errors can
affect some of the modes: while the trajectory is clearly affected at the time
of stress, it oscillates in end-systolic and AC peak amplitudes, preventing ten-
dency analysis. Thus, although an acquisition from a single healthy patient was
insufficient to recreate the type of analysis led with the synthetic data, with this
experiment we (i) confirmed that we are able to extract from a true ultrasound
acquisition the same features we used in the synthetic case, i.e. the simulated

Fig. 7. Patient data: modes of variation of GLS curves and HR and patient trajectories
over the first 2 dimensions of the output space. MKL parameters: βGLS = 0.9; βHR =
0.1; σf : average f -wise 6-NN distance; sparsity of W: for each sample i, the 26% highest
Wij entries were preserved. MKR parameters: The GLS and HR modes were obtained
at increments of the standard deviation σd (from −2σd to 2σd) for each dimension
d. The colorbars link output coordinates to GLS curves and HR values. (Color figure
online)



512 M. Nogueira et al.

features can be realistically extracted; (ii) were able to recover patterns of
response in the GLS curve that have a clear physiological interpretation.

6 Conclusions

Results suggest that multiview dimensionality reduction may be interesting for
representing patient response to stress over time as a low-dimensional trajectory
encoding fundamental modes of variation in features that we have interest in
monitoring, such as global left-ventricular deformation and heart rate. More-
over, it can be used to characterize and discriminate different types of response,
as illustrated with a synthetic population. Results of experiments with real data
were consistent with typical patterns of response, although some modes of vari-
ation and trajectories are naturally disturbed by artifacts in the input data (e.g.
breathing). Further work will target reducing their impact on the analysis.
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