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Automatic Active Model Initialization
via Poisson Inverse Gradient

Bing Li, Student Member, IEEE, and Scott T. Acton, Senior Member, IEEE

Abstract—Active models have been widely used in image pro-
cessing applications. A crucial stage that affects the ultimate active
model performance is initialization. This paper proposes a novel
automatic initialization approach for parametric active models
in both 2-D and 3-D. The PIG initialization method exploits a
novel technique that essentially estimates the external energy field
from the external force field and determines the most likely initial
segmentation. Examples and comparisons with two state-of-the-
art automatic initialization methods are presented to illustrate
the advantages of this innovation, including the ability to choose
the number of active models deployed, rapid convergence, ac-
commodation of broken edges, superior noise robustness, and
segmentation accuracy.

Index Terms—Active contours, active models, active surfaces,
deformable models, deformable surfaces, initialization, Poisson’s
equation, Poisson inverse gradient, snakes.

I. INTRODUCTION

I N the last two decades, active models [1], or deformable
models [2], have emerged as a popular and powerful tool

for image segmentation [3]–[8] and object tracking [9]–[13].
Although there are several existing versions of active models
[14]–[17], the most widely used active models include active
contours (also known as snakes or deformable contours) [1]
and active surfaces (also known as deformable surfaces) [2].
The active models deform on the image domain and capture
a desired feature by minimizing a model energy functional
subject to certain constraints. The model energy functional
usually contains two terms: a model internal energy, which
constrains the smoothness and tautness of the model, and a
model external energy, which attracts the elastic model to
the features of interest.

Although extensive research has been completed to improve
the active model performance [3], [18], [19], the subject of ac-
tive model initialization has received considerably less atten-
tion. The initialization is a critical factor in the ultimate solu-
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tion quality of the active model, because a poor initialized ac-
tive model may become stuck at local energy minimum and fails
to capture the features of interest. The most popular and con-
venient way is to initialize the active models is by employing
some naïve geometric model such as a circle in 2-D or sphere
in 3-D. The major drawback of this simple initialization ap-
proach is that the active model may need a large number of
iterations to converge or may converge to clutter away from
the desired target. An alternative is manual initialization via
manual selection of initial points. Even though manual initial-
ization is effective, manually drawing a complex 3-D surface,
for example, is an extremely difficult and error-prone process.
Approaches have been published to simplify the manual initial-
ization process [20]–[22], whereas other researchers proposed
automatic initialization method by analyzing the external force
field [23]–[26].

The main contribution of this paper is to provide a new
method to automatically initialize parametric active models
by estimating the underlying external energy field via solution
of Poisson’s equation. The proposed method selects an initial
model with an associated energy that approaches the min-
imum energy. This novel method accelerates the active model
convergence and improves the active model performance via
initializing the active model close to features of interest. Our
method is limited to parametric active contours [1] and discrete
active surfaces [4], [27], thus the benefits of the geometric or
level set implementation are precluded by this initialization.

This paper is organized as follows. We review the basics of
active surfaces in Section II, and introduce a way to estimate
the underlying external energy field from the external force
field, Poisson inverse gradient (PIG), in Section III. Based on
the estimated external energy field, the automatic initialization
methods for single and multiple active models are detailed in
Section IV. All equations are given for 3-D images, from which
the analogous 2-D equations can be formulated accordingly.
Several promising properties of this new initialization method
are demonstrated by a set of examples and comparisons in
Section V. The salient properties of PIG initialization include
robustness to noise, accommodation of broken edges and mul-
tiple objects, explicit choice of the number of active models
deployed, improved segmentation accuracy and rapid conver-
gence to features of interest. Finally, we draw conclusions in
Section VI.

II. BACKGROUND

A. Active Surfaces

An active surface is defined by mapping a bivariate parameter
domain into , where a surface
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point is given by . The
surface is deformed by minimizing

(1)

where denotes the internal energy that en-
courages a smooth surface, and denotes the
external energy, the value of which is small at the features of
interest, such as edges [1], [2], [28]. A typical internal energy is
defined as

(2)

where and are weighting parameters constraining the degree
of the smoothness and tautness of the surface, respectively.

Typical external energy formulations for a gray-level image
are given as [1]

(3)

(4)

where is a 3-D Gaussian function with standard de-
viation denotes linear convolution, and denotes the gra-
dient operator. If the image is a binary image, where the features
of interest are ones and the background is zero, the typical ex-
ternal energies are expressed as [28]

(5)

(6)

Although a large may distort the features of interest, a large
is often necessary to suppress the noise and increase the capture
range of the active contours.

At the minima of (1), the surface must satisfy the Euler–La-
grange equation

(7)

where is the surface
Laplacian operator. This equation can be considered as a force
balance equation

(8)

where is the internal force to
constraint the smoothness and tautness of the surface, and

(9)

is the standard external force that draws the surface toward the
features of interest. If the edge map is defined as

(10)

then , i.e., the standard external force is the gra-
dient of the edge map. The edge map can be calculated by var-
ious edge detectors, such as the Canny edge detector [29] and
Monga–Deriche edge detector [30].

To solve (8), is treated as a function of time . The
solution is obtained when the steady state solution of the fol-
lowing gradient descent equation:

(11)

is reached from an initial surface .

B. External Forces

A number of research groups have generalized (8) via re-
placing the standard external force with the sum of other forces
generated from the image and/or the contour [18], [28], . In addi-
tion to the standard external force (9), a variety of external forces
have been proposed to improve the performance of snakes. The
external forces can be generally classified as dynamic forces and
static forces [18]. The dynamic forces are those that depend on
the snake and, as a result, change as the snake deforms. The
static forces are those that are calculated from the image only,
and remain unchanged as the snake deforms.

The pressure force, also known as the inflation force, used
in balloon models is an useful dynamic force that pushes the
active model either outward (inflation) or inward (deflation) [6],
[27], [28], , [31]. Although the pressure force can avoid spurious
edges, the pressure force causes leakage problem when there
are significant gaps in the edges [18]. Another limitation of the
snake using a pressure force is that it must be initialized either
inside or outside the targeted object.

The major drawback of standard external forces is that the
force field has an initially zero magnitude in the homogeneous
regions of the image. Therefore, the initial active model must
be close to the features of interest in order to converge. There
are several attractive candidates for the static external force
with large capture range, including the distance force, gradient
vector flow (GVF), and vector field convolution (VFC). The
distance force points to the closest edge in terms of Euclidean
distance by taking the negative gradient of the Euclidean dis-
tance transformation of the edge points [28]. In this case, the
edge points are extracted from the edge detector, such as the
Canny edge detector [29]. The GVF field is calculated as an
iterative diffusion of the standard external force [18], which
outperforms the distance force by providing a large capture
range and the ability to capture boundary concavities. And
third, the VFC field is computed by convolving the edge map

with a predefined vector field kernel [19], [32], which has
superior noise robustness and lower computational cost than
the GVF field.
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C. Active Model Initialization

Initialization is a critical factor in the ultimate solution quality
of the active model, which has not been investigated thoroughly
in the literature. The most popular and convenient way to ini-
tialize active models is by employing some naïve geometric
shapes, such as a rectangle in 2-D or a sphere in 3-D [8], [11],
[17]–[19], [27], [33], [34]. Major drawbacks of this simple ini-
tialization approach include a large number of required itera-
tions and convergence away from features of interest. These
problems can be attributed to a poor shape approximation of
features of interest. A poorly placed naïve geometric shape may
never converge to the right boundary.

An effective alternative choice is manual initialization via
connecting user-selected initial points. However, manually
drawing a complex 3-D surface is an extremely tedious and
error-prone process. In practice, an user-friendly interface
is usually necessary for users to manually select points and
initialize a polyhedral model for active surfaces [35], [36].
To reduce the complexity of manual initialization for active
models, Neuenschwander et al. first proposed to initialize open
active contours by only two end points in 1994 [20]. Cohen and
Kimmel enhanced this approach via a minimal path method and
extended it to closed active contours [21]. Most recently, Ardon
and Cohen further extended this minimal path initialization
approach to 3-D images for active surfaces [22]. Although
these methods do simplify the manual initialization process,
manual drawing is still necessary. For example, two points and
two contours are needed for each active contour and each active
surface, respectively. In addition, the Ardon–Cohen method is
limited to a single object with a cylinder-like topology [22].

Since the introduction of the GVF external force [18], various
researchers have made efforts to initialize active contours by
analyzing the GVF external force field [23]–[26]. Ge and Tian
proposed an automatic initialization method for multiple active
contours by placing small circles at centers of divergence [23].
The center of divergence (CoD) in 2-D is defined as the point
from which the GVF vectors of all neighboring pixels emanate.
Because this method tends to initialize more than the desired
number of active contours, i.e., the image is over-segmented,
a region merging postprocess is needed to remove the pseudo
boundaries. He et al. introduced a semi-automatic initializa-
tion method with a similar idea [24]. Tauber et al. generalized
the concept of centers of divergence and proposed a quasi-au-
tomated initialization method requiring only one user-defined
point [25].

Li et al. introduced an automatic initialization method via
segmenting the external force field [26]. By treating the quan-
tized external force field and the binary edge map as a graph, the
external force field is divided into regions by seeking weakly
connected components in the graph. Each region boundary is
then initialized as an active contour. This force field segmenta-
tion (FFS) method always initializes one active contour outside
each connected component in the binary edge map. Therefore,
the FSS method can not accommodate objects with broken
edges or objects surrounded by extraneous edges. Although
these force field analysis techniques improve active contour
performance by placing the simple shape initial model at the

correct place, the initial model is still isolated from features of
interest and requires a large number of iterations to converge.

In addition to the approach of forming an initialization for
standard active models, more sophisticated active models may
be used to improve the initialization. The segmentation results
from the coarse-to-fine active models [4], the multiscale active
models [37], [38], and the adaptive sampling active models [39]
can be applied. The marching cubes algorithm [40] and the dig-
ital surfaces algorithm [41] are able to extract surfaces from bi-
nary 3-D images as initial surface for active surfaces. Unlike the
CoD and FFS methods discussed in previous paragraphs, these
methods are not designed for solely initializing standard active
models.

III. POISSON INVERSE GRADIENT

Although active models deform according to the generalized
force balance (11), from another point of view, it is still an en-
ergy minimization problem. The relationship between the ex-
ternal force field and the external energy field is analogous to
the relationship between the gravity and the gravitational po-
tential energy in physics. Recall that the external force field is
defined as the negative gradient of the external energy field in
(9). Then, for a given static external force field , there should
exist an external energy field such that the negative gradient of

is . Unfortunately, is not a conservative vector field in gen-
eral, i.e., can not be expressed as the negative gradient of any
scalar function. We must, therefore, approximate in a mean-
ingful way. In this section, we introduce a method to estimate
the external energy field given the static external force by
solving Poisson’s equation, from which the initial model is ex-
tracted.

Let be a subset of with boundary . Let :
be an unknown scalar function and be a known
vector field defined over , as shown in Fig. 1. The Poisson
inverse gradient (PIG) approach estimates the external energy
field such that the negative gradient of is the closest vector
field to in the -norm sense [42]

(12)

with certain boundary conditions. To solve (12), is the unique
solution of the following Poisson’s equation [43]

(13)

where is the
Laplacian operator, and

(14)

is the divergence of . In order to solve (13), the
boundary conditions must be specified. For active models, in-
stead of the Neumann boundary conditions [44], the Dirichlet
boundary conditions [45]

(15)
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Fig. 1. Poisson inverse gradient estimates the external energy fieldE based on
the external force field f in domain 
 with boundary @
.

are specified to maintain fidelity with respect to the edge map
, which is used to generate the vector field .

A. Numerical Solution

Numerical solutions to Poisson’s equation with Dirichlet
boundary conditions has been well studied [46]–[49]. For
digital images, the problem can be discretized directly using
the underlying pixel grid, and the region becomes a finite
set of points, denoted by . To be specific, on a discrete grid

, the discrete domain region
is defined as a collection of finite pixels. For each pixel in

, let denote the set of its 6-connected neighbors. The
continuous boundary of the region now becomes the
discrete boundary d , which is defined as a collection of pixels
surrounding the region

(16)

Let denote the value of at . The problem is then to solve
the discrete Poisson’s equation

for all (17)

with Dirichlet boundary conditions

for all (18)

Using a finite difference approximation of the Laplacian and
divergence operators, (17) can be rewritten as: for all

(19)

where the number of neighbors might be fewer than 6,
depending on if is on the image border. Note that for pixels

interior to , i.e., all the neighbors of pixel belong to the

TABLE I
COMPLEXITY OF DIFFERENT POISSON SOLVERS WITH N PIXELS [47]–[51]

region , the boundary term on the right hand side
of (19) can be ignored, thus (19) reduces to

(20)

In a linear algebraic sense, (19) defines a symmetric posi-
tive-definite banded sparse system, which can be solved in nu-
merous ways. These solutions include successive over-relax-
ation (SOR) [50], conjugate gradient (CG) techniques [51], fast
Fourier transform (FFT) techniques [47] and multigrid methods
[48], [49]. The computational complexity comparison is shown
in Table I. A complete review of discrete Poisson solvers is be-
yond the scope of this paper. We implemented the PIG initial-
ization on a Dell Dimension 9150 computer with Pentium D
2.8-GHz CPU, 1-GB RAM, and MATLAB 7.0. On this plat-
form, 0.4 s are required to solve a 20 000 pixel system. A parallel
FFT-based approach [47] or a multigrid implementation [48] in
C will provide a faster solution for larger regions.

B. Vector Field Visualization

PIG initialization provides a way to visualize the external
force field and compare different vector fields. The external en-
ergy of any given active models defined in the image domain
can be estimated based on the estimated external energy field,
which can be used for comparing the quality of different initial
models.

One intuitive way of vector field visualization is to set the
whole image as with Neumann boundary conditions, and ig-
nore the edge map . While this approach is valid, the useful in-
formation in the edge map is preserved if Dirichlet boundary
conditions are chosen and the discrete region is defined as

(21)

where is a threshold defining edge pixels. All the pixels in
the edge map that have a value larger than are preserved
as features of interest (edges) and used as boundary conditions,
whereas other pixels are treated as the region . Morphological
filters, such as the area close filter, can be employed to further
refine the region .

As shown in Fig. 2, the GVF force field and the VFC force
field are calculated from a noisy magnetic resonance (MR)
image of a human ankle, which is demonstrated by stream-
lines. Streamlines are traces that exhibit where points move
when placed in a force field. After thresholding the edge map
using (21) and applying the area close morphological filter to
eliminate small features, the region is shown as white pixels
in Fig. 2(b). The estimated external energy fields overlapped
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Fig. 2. (a) MR image slice of a human ankle. (b) The region 
 used for PIG
initialization is shown in white. Streamlines generated from the (c) GVF and
(d) VFC field. The estimated external energy of the (e) GVF and (f) VFC field,
respectively, superposed with isolines.

with the isolines provide a different view of the external force
fields, a.k.a., the underlying external energy, as demonstrated
in Fig. 2(e) and (f). An isoline is a curve connecting points of
equal PIG value, and this value is termed isovalue. Note that
the streamlines should be orthogonal to the isolines, because
the direction of streamlines is the gradient direction of the
estimated external energy field. By observing Fig. 2, we find
that the isolines close to features of interest can be used as a
good initialization for active contours.

The estimated external energy field is closely related to the
force field analysis methods [23]–[26]. The center of divergence
corresponds to the local maxima of the estimated external en-
ergy field, and the boundaries of weakly connected components
in the FFS method correspond to ridges of the estimated external
energy field. The PIG solution can also be considered as a gener-
alized distance transform, where the distance at one point is de-
termined by the streamline length from this point to the closest
edge point on the streamline.

IV. AUTOMATIC ACTIVE MODEL INITIALIZATION

After calculating the estimated external energy field from
the external force, a high-quality initial active model can be
achieved by selecting an isoline or isosurface with a proper
isovalue. Analogous to the isolines in 2-D, isosurfaces in 3-D

are surfaces that pass through the isovalues of the external
energy field. The marching cubes algorithm is employed to
render the isosurface in our applications [40]. We will refer to
both isolines and isosurfaces as isomodels from now on. Under
the assumption that the energy of features of interest is the
global minimum, the isomodel with the minimum associated
energy is chosen as the initialization given a set of predefined
isovalues.

A. Initialization

If the model energy of all the possible contours/surfaces de-
fined on the image space could be calculated in a reasonable
timeframe, the contour/surface with minimum model energy
could be chosen as the solution. Unfortunately, performing an
exhaustive search over all the possible models is unrealistic.
The new automatic initialization idea introduced in this paper
is simple—given a set of candidate models, the desired initial-
ization is the model with the associated minimum model energy
within the set. To achieve this goal, (1) computing the model
energy for a given model and (2) automatically generating the
candidate models are the two key problems. The PIG approach
provides a solution to both problems.

First, PIG provides a way to estimate the static external en-
ergy from the static external force, which is known. If other en-
ergy terms besides the static external energy are quantifiable, the
model energy is calculated by adding up all the energy terms.
Second, isomodels from the estimated external energy that are
close to edges provide excellent candidates for initialization.
Since we expect that the final model with correspond in position
with image edges, an initial model that is proximal to edges is
logical. From an energy point of view, isomodels closer to edges
have a lower associated isovalue and, therefore, have a lower
associated model external energy. Isomodels can be automati-
cally extracted from the external energy and the model external
energy calculation is straightforward, as discussed in the fol-
lowing section.

Given (a) a binary edge map, (b) a static external force,
(c) other quantifiable active model energy terms, and (d) can-
didate models, the PIG automatic initialization method can
select the best-choice candidate in terms of minimum model
energy as the initialization. Note that the static external force
is not necessary edge-based forces, it can be a combination
of edge-based forces [19], [32], region-based forces [33], and
other forces, as long as they are static forces. The candidate
models can be generated automatically by setting isovalues.
Other models, such as user defined shapes, can also be included
as candidates to integrate priority information.

B. Initialization for Single Active Model

Note that the energy minimization process encourages
smaller and larger contours/surfaces for positive value and neg-
ative value external energy, respectively. In real applications,
the targets of interest are usually of complicated shape with
significant boundaries, which suggests using negative value
external energy. There may be more than one isomodel that
corresponds to a given isovalue. Only the isomodel with the
lowest energy is chosen as the optimal initial model. In our
implementation, surfaces are represented by triangular meshes,
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and contours are represented by connected discrete vertices.
Therefore, given the isovalue , the model energy of the
-th isomodel out of all isomodels is calculated by

(22)

where denotes the th face of the triangular mesh, de-
notes the area of , and denotes the number of faces of the
th isomodel . is the maximum

estimated external energy to assure the model external energy is
negative.

The model internal energy is defined as

(23)

the calculation of which is application-dependent and can be
found in the Appendix. To measure the internal energy on a
discrete triangular mesh for active surfaces is a very compli-
cated and computational expensive process, all the derivations
of which can be found in [52] and [53]. For isolines, (22) and
(23) also apply, where denotes the th edge of the connected
contour, denotes the length of , and denotes the
number of edges of the th isomodel . The internal energy
calculation for active contours is straightforward using a finite
difference approximation to estimate the first and second deriva-
tives.

The minimum energy of all isomodels for isovalue is

(24)

and the corresponding isomodel is denoted by . Note that a
special case occurs when , i.e., the internal energy
can be ignored. Then

(25)

which implies that the largest isomodel has the lowest model
external energy given isovalue . Note that in
(25). Given a set of predefined isovalues , the isomodel with
overall minimum model energy is chosen to the initial model. In

2-D, for example an isoline of minimum energy is selected as the
initial coarse segmentation. This isoline has two desirable prop-
erties that make it an attractive candidate for initialization—(1)
low external energy as computed by the PIG method and (2) in-
herent regularity due to the smoothing of the Poisson equation.
Of course, this initialization could be thwarted by intense clutter
and problems (gaps) in edge detection.

To summarize, the automatic single model initialization pro-
cedure is implemented in the following steps.

i.1. Normalize the force field such that the magnitude of
all the vectors in the force field is set to 1.
i.2. Normalize the edge map to the range [0, 1].
i.3. Calculate the estimated external energy field from
the external force field with Dirichlet boundary condi-
tions computed from edge map using (19) and (21).
i.4. Define isovalues

.
i.5. For each isovalue , calculate the minimum model
energy of isomodel using (24).
i.6. The isomodel of isovalue yielding the overall
minimum model energy is chosen to be the optimal initial
model, i.e., .

where denotes the maximum gap between edge fragments,
and denotes the minimum distance between the edge
and noise/clutter. This automatic initialization method can ac-
commodate broken edges, which is exemplified in Fig. 4. The
isoline with isovalue is roughly pixels away from the edge.
Hence, isolines with isovalues less than are not properly
connected, whereas isolines with isovalues larger than are
over-connected. If the selected isovalues do not belong to

, the isolines might pass through the gaps between
fragments, or may pass the noise/clutter.

This initialization method incorporates internal energy when
selecting isolines in steps i.5 and i.6. Therefore, active models
with different internal energy weightings will have different ini-
tial models. Additional constraints may be applied to the iso-
model selection steps i.5 and i.6 to refine the initialization, such
as the selected isomodel must be a closed surface or contour.
Different internal energy formulations, such as the energy func-
tional for the shape, size, and position constraints [10], can be
employed in (22) to improve the selection of isomodels.

C. Efficient Implementation

The most computationally expensive part of the automatic
PIG initialization process is the PIG calculation (step i.3),
because (19) involves solving a large linear system. There are
many methods to implement the PIG calculation efficiently
without sacrificing the quality of the initialized model. The first
and most straightforward way is if is consisted of several
separate regions, each region can be treated as a linear system
and calculated separately to reduce the system complexity. For
example, it is more efficient to treat the twelve separate regions
in Fig. 2(b) as twelve separate linear systems instead of a single
large linear system. This method does not modify the estimated
external energy field.

Subsampling, the second method, is often necessary (with
current PC implementations) in order to calculate the estimated
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Fig. 3. Estimated external energy field with isolines of the VFC field using
(a) the subsampled (by a factor of 2 in each dimension) image, and (b) the left
half and right half of Fig. 2(a).

external energy field of 3-D external forces with limited com-
putational resources. The 3-D image, or the volume, can be
subsampled to a lower resolution without distorting features of
interest, which can considerably reduce the size of the linear
system in (19). Although the estimated external energy field
after subsampling is not as accurate, the selected initial model
should not be significantly affected. If the system is still too
large to be computed, the last method available is to divide the
volume into several sub-volumes, which are calculated sepa-
rately. Because of the incompleteness of boundary conditions
in each sub-volume, this subdivision method will introduce
aliasing between sub-volumes. The two approaches applied
to 2-D images are demonstrated in Fig. 3, which shows that
subsampling does not significantly alter the initialization, and
that image division may cause aliasing between the sub-images,
as compared to Fig. 2(f). Although the aliasing effect leads to
discontinuity, the isolines close to features of interest still are
good approximations and could be used for initialization.

D. Initialization for Multiple Active Models

This automatic initialization process can be easily extended
for initializing multiple active models simultaneously. In this
section, we proposed two multiple model initialization proce-
dures by modifying steps i.5 and i.6 and incorporating prior in-
formation.

The first improved initialization method, termed -model ini-
tialization, is to select isomodels with lowest model energy for
each isovalue, when there are objects to be segmented in the
image. This method is useful in segmenting images with a fixed
number of objects, such as medical images where the physical
structure is well known. The single model initialization method
proposed in Section 6.2.1 can be considered as a special case
of -model initialization with , and is termed 1-model
initialization. The automatic -model initialization procedure is
implemented in the following steps.

ii.1-4. Same as i.1-4.
ii.5. For each isovalue , calculate the -model energy
of the isomodels with lowest energy

(26)

where denotes the indices of the isomodels with
lowest energy for isovalue . if

.
ii.6. The isomodels of the isovalue

yielding the overall minimum -model energy
are selected to initialize active models such that

.
Another modified initialization method for multiple models,

termed constrained initialization, incorporates size and shape
constraints in the internal energy and filters the isomodels with
the model energy. When prior size and shape information of
the objects of interest is available, constrained initialization is
similar to -model initialization except replacing the set of
isomodels with lowest energy in step ii.5 and ii.6 by the
collection of isomodels with low enough model energy .

V. RESULTS AND ANALYSIS

In this section, the proposed PIG initialization method is com-
pared with the center of divergence (CoD) method [23] and the
force field segmentation (FFS) method [26]. These two methods
represent the competing automatic solutions for active contour
initialization in the literature. All methods are implemented in
MATLAB 7.0. In each experiment, the active model parameters,
including the edge map, the force field, smoothness parameters,
and the convergence criteria, are identical for the three methods.
Here, convergence is defined as the iteration in which the max-
imum movement across all vertices is less than one half pixel
for three consecutive iterations. Further, the term ground truth
refers to the active model result with high-quality manual initial-
ization. The CoD method needs no extra parameter, and the FFS
method requires a threshold to generate binary edge map, which
is set equal to in (21). We apply the Canny edge detector [29]
for 2-D examples and the Monga–Deriche edge detector [30] for
3-D examples to obtain edge maps. All experiments employ the
VFC field as the external force field due to its superior noise ro-
bustness [19], [32], except in Section V.C where GVF [18] is
applied.

A. Sensitivity to Broken Edges

We consider a thin 2-D curved region shown in Fig. 4(a) to
evaluate the impact of broken edges on the various initialization
methods. With this high quality initialization using the PIG
single model initialization method, the VFC active contour
successfully captures the broken C-shape edges in only 12
iterations, shown in Fig. 4(f). The CoD method initializes
11 active contours, most of which vanish while a single
contour captures the inner portion, as shown in Fig. 4(d).
The CoD method fails to capture the edges, and requires 70
iterations to converge. The FFS method also fails to initialize
active contours correctly in these broken edge examples,
since the FFS method treats each connected component in
the edge map as a single object and one active contour is
formed for each edge fragment. Fig. 4(e)–(f) illustrates that
FFS is incapable of accommodating broken edges, whereas
the proposed PIG method can handle these scenarios. The
first row of Table II summarizes the test results. The PIG
method outperforms the other two methods for this example
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TABLE II
PERFORMANCE SUMMARY FOR THE CENTER OF DIVERGENCE (COD) METHOD, THE

FORCE FIELD SEGMENTATION (FFS) METHOD, AND THE PROPOSED PIG METHOD

Fig. 4. (a) Broken edges for a thin, curved region. (b) The VFC force
field and (c) corresponding estimated external energy field overlapped
with isolines. The initial (red dashed lines) and final (green solid lines)
active contours using (d) the CoD method, (e) the FFS method, and
(f) the PIG single model initialization method.

in terms of correct number of models initialized, iterations
needed for convergence, computing time, and segmentation
accuracy.

Additionally, we generate numerous geometric shapes of in-
creasing gap width between edge fragments shown in Fig. 5 to
evaluate the impact of broken edges on the various initialization
methods. The segmentation accuracy is measured by the root
mean squared error (RMSE) between the active contour result
and the ground truth. The results using the CoD method are cal-
culated after region merging.

Fig. 5. RMSE of active contours using the CoD method, the FFS method and
the PIG method for shapes with increasing gap width between edge fragments
as shown below the plot.

In these synthetic tests, the CoD and PIG methods both suc-
cessfully capture the objects with broken edges, whereas the
FFS method fails when the gap width is larger than 2 pixels.
Because the FFS method always initializes one model for each
connected component in the edge map, two models initialized
by the FFS method collapse to the edge fragments in a few it-
erations. As may be observed in Table II, the PIG method re-
quires only 30 iterations on average to converge, which is much
less than the 100+ iterations required by the other two methods.
Note that each iteration has exactly the same settings and asso-
ciated expense for all three methods.
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Fig. 6. RMSE of active contours using the CoD method, the FFS method and
the PIG method for shapes with increasing curvature as shown below the plot.

Fig. 7. (a) Noise-free image. Example noise corrupted images with (b) 5 dB
SNR and (c)�5 dB SNR. (a) SNR = 1 dB, (b) SNR = 5 dB, and (c)
SNR = �5 dB.

B. Sensitivity to Curvature

We generate numerous geometric shapes of increasing cur-
vature shown in Fig. 6 to evaluate the impact of curvature on
the various initialization methods. The CoD method initializes
several models inside the shape and fails to segment the entire
shape correctly. The active contours using the FFS method are
successful for the low curvature shapes, but fail to capture the
high curvature shapes and are stuck at the local minima. Be-
cause the FFS method always initializes the model outside the
object, the small gap between the two ends of the high curva-
ture shapes prevents the active contour from moving into the
deep concavity. Only the PIG method exhibits consistent per-
formance for shapes with varying curvature, as shown in Fig. 6.
The contrast is also dramatic in computational cost—the av-
erage number of iterations required for convergence is 12.0 for
the PIG method, as compared to 92.5 for the FFS method.

C. Sensitivity to Noise

To evaluate the impact of noise on the various initialization
methods, we generate 50 images with the same SNR for 11 dif-
ferent SNR levels (550 images in total) by randomly adding zero
mean Gaussian noise to a star-shaped grayscale image as shown
in Fig. 7(a). Two examples with 5 dB SNR and dB SNR are
shown in Fig. 7(b) and (c). We use the GVF field in this ex-
periment to accentuate the effect of noise on the segmentation
process. The active contour result obtained from the noise-free
image is taken as the ground truth. By examining Fig. 8, we can
see that the CoD method and the FFS method tend to initialize

Fig. 8. (Top) Average number of models initialized, (middle) the average
number of iterations needed, and (bottom) the average RMSE of three initial-
ization methods at different SNR levels. All values at each level are averaged
over 50 synthetic images generated by randomly adding Gaussian noise to the
noise-free image. The parameters of active models are identical for all three
methods.

more models as the SNR decreases, because there are more cen-
ters of divergence and edge fragments with lower SNR. The
PIG single model initialization method, however, only selects
a single optimal isomodel as the initial model. The active con-
tours using the PIG method need smaller number of iterations
to converge because the initial model is closer to features of in-
terest. The PIG method also outperforms the other two methods
in segmentation accuracy as measured by RMSE, as shown in
Fig. 8. The difference in performance is explained by the fact
that the CoD method and the FFS method initialize the models
far away from features of interest where the active model may
be easily distracted by the noise.

D. Active Contours for 2-D Real Images

To demonstrate the effectiveness of the proposed PIG
initialization method on real datasets, we compare the per-
formance of three initialization methods on 2-D biomedical
images. Fig. 9(a) demonstrates a typical ultrasound image
of a human prostate. Speckle reducing anisotropic diffu-
sion (SRAD) is employed to smooth the ultrasound images
prior to segmentation [54]. The edge map and the VFC
external force are calculated from the processed image. After
thresholding the edge map using (21) and applying an area
close morphological filter to eliminate small features, the
region is obtained. The estimated external energy field
overlapped with the isolines is demonstrated in Fig. 9(f).
Fig. 9(c)–(e) shows that an active contour is initialized by

Authorized licensed use limited to: University of Virginia Libraries. Downloaded on April 29,2010 at 17:41:40 UTC from IEEE Xplore.  Restrictions apply. 



LI AND ACTON: AUTOMATIC ACTIVE MODEL INITIALIZATION VIA POISSON INVERSE GRADIENT 1415

Fig. 9. (a) Ultrasound image of a human prostate. (b) Streamlines
generated from the VFC external force field. The initial (green dashed line)
and final (yellow solid line) active contours using (c) the CoD method,
(d) the FFS method, and (e) the PIG single model initialization method.
(f) The estimated external energy field of the VFC field overlapped
with isolines.

the optimal closed isoline using the 1-model initialization
method and accurately captures the prostate boundary in 205
iterations, whereas the CoD method needs 1125 iterations to
achieve a similar result with 148 models initialized, and the
FFS method fails to segment the correct boundary. Because
there are a large number of edges surrounding features of
interest, the CoD method initializes redundant models, and
the active contours initialized outside the object using the
FFS method are blocked by those edges. Fig. 9 is another
example to show that the proposed method accommodates
broken edges.

A lung MR image [55] is chosen to exemplify the effec-
tiveness of -model initialization shown in Fig. 10. After cal-
culation of the estimated external energy field from the VFC
field, two active contours are initialized by the 2-model ini-
tialization method, as shown in Fig. 10(b), (e), and (f). The
active contours segment both the left lung and the right lung
precisely in merely 48 iterations, compared to the over 300 it-
erations required for the other two methods. As with the pre-
vious example, the CoD method reaches a similar result with the
cost of additional models (130 versus 2 for PIG) initialized and
larger number of iterations needed. The FFS method fails again
due to the broken edges caused by noise. This is the only ex-
ample where the PIG method does not yield the lowest RMSE.

Fig. 10. (a) MR image slice of a human lung. (b) Streamlines generated from
the VFC external force field. The initial (green dashed lines) and final (yellow
solid lines) active contours using (c) the CoD method, (d) the FFS method, and
(e) the PIG 2-model initialization method. (f) The estimated external energy
field of the VFC field superposed with isolines.

As shown in Table II, the CoD method yields a slightly lower
RMSE (0.29 pixels) than the PIG method (0.39 pixels).

A microscopic image of leukocytes in vivo shown in Fig. 11
is used to evaluate the constrained initialization method. Since
the leukocytes are circular in shape, and the leukocyte radii are
known for a given resolution, we employ energy terms for cir-
cular shape and size constraints in this example [10]. The model
energy is calculated by

(27)

where and are energy terms for shape and size con-
straints, respectively, and and are corresponding
weighting parameters. The calculation of these energy terms is
discussed in the Appendix. As demonstrated in Fig. 11(e), all
six bright leukocytes are accurately initialized and segmented
by the VFC active contours in only 18 iterations using the con-
strained initialization method. Both the CoD method and the
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Fig. 11. (a) Microscopic image of leukocytes in a blood venule. (b) Streamlines
generated from the VFC external force field. The initial (green dashed lines) and
final (yellow solid lines) active contours using (c) the CoD method, (d) the FFS
method, and (e) the PIG constrained initialization method. (f) The estimated
external energy field of the VFC field superposed with isolines.

FFS method initialize more models than desired and require
more than 170 iterations to converge. In addition, the active con-
tours initialized by FFS fail to capture the top-left and bottom-
right leukocytes correctly. The PIG method yields the most ac-
curate segmentation result in terms of lowest RMSE, as shown
in Table II.

E. Active Surfaces for 3-D Real Images

We now demonstrate examples employing VFC active sur-
faces with the proposed automatic PIG initialization method in
3-D. We also extend the CoD method and the FFS method to
3-D images, in order to compare them with the PIG method.

The VFC active surface with single model initialization is
applied to a 3-D elastography ultrasound image of prostate
lesion [56]. As shown in Fig. 12(c), since the selected iso-
surface is close to features of interest, the VFC active surface
converges in only 20 iterations. In contrast, the active surface
requires 105 and 45 iterations to converge if initialized using
the CoD method and the FFS method, respectively. Note that
these surface updates also necessitate complicated surface
remeshing [27], which explains why the computation time
is 4 times longer even though the number of iterations only
doubles for the FFS method. Two of the three VFC active
surfaces initialized by the CoD method vanish after several

Fig. 12. (Right column) Intersection of the middle image slice of a 3-D ultra-
sound image of the prostate with (left column) the initial and (middle column)
the final VFC active surfaces in green dashed lines and yellow solid lines, re-
spectively, using (a) the CoD method, (b) the FFS method, and (c) the PIG single
model initialization method.

iterations, and the remaining surface fails to capture features of
interest accurately. The center slice of the original 3-D image
overlapped with the intersection of the initial and final active
surfaces are also demonstrated in Fig. 12. The PIG method
provides the lowest RMSE (0.45 pixels) across three methods
shown in Table II.

The single model initialization method is also applied to
the 3-D MR image of a cadaver human ankle [57], as shown
in Fig. 13(c). The VFC active surface converges to the talus
bone boundary accurately in 82 iterations using the PIG ini-
tialization method, whereas over 130 deformations and surface
remeshing are required using the other two methods. As shown
in Fig. 13(a), the CoD method initializes 356 models, only one
of which does not collapse and coarsely captures features of
interest. Similar to the 2-D prostate example shown in Fig. 9,
the FFS method initializes a cube-like active surface outside the
object, which is distracted by the edges surrounding the object.
Two slices of the original 3-D MR image overlapped with the
intersection of the initial and final VFC active surfaces are also
demonstrated in Fig. 13.

To segment cardiac borders from a 3-D MR image of an ex
vivo canine heart, we employ the 3-model initialization method
for VFC active surfaces. The VFC active surfaces converge to
the endocardial and epicardial borders accurately in only 16 it-
erations, as shown in Fig. 14. The CoD method initializes 545
models, all of which vanish after 104 iterations. The FFS method
forms only one active surface outside the heart, and captures
only part of the epicardial border after 128 surface deformations
and remeshing. The short axis and long axis slices overlapped
with the segmentation results are demonstrated in Fig. 14(c)–(f).
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Fig. 13. Intersection of (left column) the initial and (second left column) the final VFC active surfaces with (right two columns) two selected image slices in green
dashed lines and yellow solid lines, respectively, using (a) the CoD method, (b) the FFS method, and (c) the PIG single model initialization method.

As shown in Table II, the PIG method yields a significantly
smaller RMSE than the CoD and FFS methods.

F. Summary

We summarize all ten examples in Table II. The results for
the broken edge and curvature examples are averaged over all
11 images, and the results for the noise example are averaged
over 550 images.

The PIG method initializes a predefined number of models,
whereas the CoD method tends to initialize more than desired
number of models. The FFS method initializes one model for
each connected component in the binary edge map, which leads
to over-initialization of active models for objects with broken
edges, and under-initialization for multiple objects in which the
edges are connected. Because the initial models using the PIG
method are closer to features of interest, the PIG method re-
quires a significantly smaller number of iterations for the ac-
tive models to converge compared to the CoD method and the
FFS method. As a result, although the initialization time of the
PIG method is the highest, this is offset by a lower number of
required iterations. Thus, the total computing time of the PIG
method is the lowest of the three candidates. Additionally, the
PIG method provides superior segmentation accuracy over the
other two methods.

VI. CONCLUSION

In this paper, a novel automatic initialization approach for
parametric active models, termed the Poisson inverse gradient

(PIG) initialization method, has been introduced. The PIG
technique estimates the underlying external energy field from
the external force field via solving Poisson’s equation, which
can also be used for vector field visualization. From the
estimated external energy field, isomodels are extracted, and
the isomodel with the lowest energy is selected as the initial
model. To obtain a high quality initialization, both an advanced
edge detector and a noise robust external force field are
necessary.

This novel method can initialize one or more active models
automatically in both 2-D and 3-D. Efficient implementation
schemes are proposed to reduce the computational cost. We also
provided guidelines for selecting isovalues. Several beneficial
properties of the PIG method were demonstrated by a set of
examples and comparisons with the CoD and FFS initialization
methods. We have shown that the PIG method excels in
terms of robustness to noise, accommodation of broken edges
and multiple objects, choice of number of models deployed,
accurate segmentation, and rapid convergence to features of
interest.

The PIG initialization method is most suitable for active
models that are dominated by a static external force, from which
the external energy can be estimated. The shortcoming of the
method is that the PIG technique may fail when the maximum
distance between edge fragments is larger than the minimum
distance between the edge and noise/clutter. The design of
an optimally efficient implementation of PIG initialization is
an open research problem. Although this method is currently
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Fig. 14. (a) Three selected isosurfaces of the estimated external energy field
from the VFC field of a 3-D canine heart MR image. (b) The VFC active surfaces
deformed from the isosurfaces after 12 iterations to segment the left ventricle
(red), right ventricle (blue) and epicardial (green) borders. The intersection of
(c), (d) two selected short axis slices and (e), (f) two selected long axis slices
with the selected isosurfaces (yellow dashed lines) and the VFC active surfaces
(green, red and blue solid lines).

limited to parametric active models, we are investigating the
extension of this method to geometric active models.

APPENDIX

A. Active Contour Internal Energy Calculation

A typical internal energy of active contour
is given as

(28)

where and are the first and second derivatives of
with respect to . After the continuous contour is uni-

formly sampled and represented by a set of discrete vertices
and edges with length

that connect and . Assuming the second derivatives are
constant, which implies the first derivatives are linear, on each

edge, the model internal energy can be calculated using finite
difference approximation

(29)

where “ ” and “ ” in the subscripts denote modulo ad-
dition and subtraction to accommodate the periodic boundary
condition of a closed contour, and

(30)

denotes the overall length of the contour. Note that

(31)

where denotes the dot product, and the contour is uniformly
sampled, i.e., and , (29) can be sim-
plified using the periodic boundary condition

(32)

where can be approximated by finite difference

(33)

Finally, (32) can be written as

(34)
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B. Shape and Size Constraints Energy Calculation

The energy for circular shape constraint is given as [10]

(35)

where

(36)

is the active contour center

(37)

is the mean radius, and . After
uniformly sampling, assuming the shape energy is linear on each
edge, the model shape energy can be calculated using finite dif-
ference approximation

(38)

where

(39)

Then the calculation of the model size energy is straightforward
[10]

(40)

where is the expected radius defined by the user.

C. Active Surface Internal Energy Calculation

A typical internal energy of active surfaces
is given as

(41)

where the first term is referred as thin membrane energy and
the second term is referred as thin plate energy. To measure the
internal energy on a discrete triangular mesh is a complicated
and computational expensive process. The major challenge is
to find an appropriate parameterization for the triangular mesh
to approximate the first and second partial derivatives closely.
All the derivations and equations can be found in [52] and [53].
The internal energy calculation by way of a different definition,
such as an energy including curvature terms, could be achieved
by computing geometric characteristics [58].
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