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An Improvement of Multi-Scale Fusion Technique
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Abstract—The visibility of an outdoor imagery can be decayeyl
the hazy weather condition. In this paper, a moddienulti-scale
fusion technique is proposed to remove dense homogs haze.
The method first finds the airlight from the fuseichage. Then the
patch-wise transmission function of the fused imaigeestimated
by applying boundary constraints. After that a weigig function

is applied on the patch-wise transmission to enharhbe image
structures. Using the patch-wise transmission andk tiveighting
function, the transmission function is estimated.h& dehazed
image is hence recovered based on the correct edton of both

airlight and transmission function. The proposed tied is then
compared against the existing multi-scale fusion thed by
Qualitative and Quantitative evaluation. The ressltobtained
show that the new method enhances the image visibilitdense
hazy regions.

Index Terms— Outdoor imagery, Dehazing, Multi-Scale fusion,
Airlight, Transmission function.

I. INTRODUCTION

The images of outdoor scenario are degraded byweather
conditions. One such degradation factor is hazmestrcauses
bad visibility. In such situation the light reflect from a
surface is scattered in the atmosphere due tordsepce of
complex medium such as water droplets, fumes ahd/Mtich
can bend light from its original course of propagatas it
travels from the source to the observer. Henceirtfage
dehazing is highly desired in computer vision amtlons
such as surveillance, remote sensing and objeagnéon to
increase the visibility of the scene. The haze rahé a

demanding problem because the haze is dependetiteon

unknown depth. The problem is difficult if the itps only a
hazy image, because little information about thewi
structure is available. Early methods have beepgwed by

Their main advantage is that it's more accurateesinuses
the existing Geo referenced urban models to redtamy
images [5]. In the recent past, single image delggzas made
significant progresses. Tan observes that a hazeifnage
must have higher contrast compared to the input mage
where haze is removed by maximizing the local @sttof the
restored image but this method may not be physgiwalid. It
is applicable for both gray and color images. Tésults are
visually quite compelling but sometimes lead
oversaturation of colors [6]. Fattal employs a nioihat
solves the ambiguity of airlight color, under thesamption
that the surface shading and the transmission aoally
uncorrelated. If the haze is dense, the color médion used
is not enough to estimate the transmission [7]. dieal.
presented an approach on statistical observatiomnlaok
channel prior to estimate the object depth in hamge. The
prior assumes that at least one color channel dhioave
small pixel value in haze free image. The priocasnbined
with alpha matting, which can achieve a quite cdtimue
result and it requires additional post processihigivleads to
higher complexity [8].

to

Il. IMAGING MODEL

Image degradation model (Imaging model) widely used
describe the formation of a hazy image is,

[(X) = I(X)t(x) + AL-t(x)) (1)
wherel be the observed image intensity at pixel be the
scene radiance or the desired haze free infage,the global
atmospheric light (airlight) andis the medium transmission
describing the portion of the light that is not tsemed and
reaches the camera. In Eq.1, the first ta(x)t(x) is called

using multiple images which need additional deptjirect attenuation and the second teAfi-t(x)) is called
information. The multi-images techniques resolvee thyjright. The direct attenuation describes the eceadiance

dehazing problem by considering two or more inpoades
taken in different atmospheric conditions. The ntaawback
is their learning step which in many cases is tomesuming
and complex to carry out [3]. Polarization basedhoés are
based on the fact that airlight scattered by atimexsp
particles is partially polarized. It removes thedahrough

and its decay in the medium and the airlight restridm
previously scattered light leads to the shift & sicene colors.
Airlight depends on the atmospheric particles and
illumination conditions. The direct attenuation ia
multiplicative distortion of the scene radiance vdees the
airlight is an additive one. When the haze is hoemogis, the

two or more images taken with different angles ofransmissiont can be expressed as,

polarization. It cannot remove the haze effects,stenes

t(x) = e @

with dense haze where polarized light is not a majQynerep he the scattering coefficient of the atmospherbcan

degradation aspect [4]. 3D geometrical models reqgome
in depth information from user inputs.
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be the geometric distance. If greater the distdeteeen the
scene and the camera then lower the intensity & th
transmission function. This equation indicates thatscene
radiance is attenuated exponentially with the dista The
ultimate goal of haze removal is to recodé¢x) from I(x).
Therefore, it requires knowledge of transmissiarcfion and
airlight.

[(x)—A

max(x), £)°

J(x) = €)
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wheree is 0.001.

lll. IMAGE DEHAZING BY MULTI-SCALE FUSION (MSF)

This section presents an image dehazing done drasis of a
fusion technique. Combining several input image® ia
single image is the main aim of fusion techniqug.Fshows
the overview of the multi-scale fusion technique.

A.Generation of two input images

The input generation procedure seeks to recovemapt
region visibility in at least one of the imagestsFithe input
hazy image was processed and white balance openatie
done. White balancing, an important color constastep that
aims to estimate the illuminant of a scene. It echa image
appearance by discarding unwanted color casts. stexrges
of grey algorithm, was adopted [9]. White balancaigne
was not able to resolve the problem of visibilityenhances
visibility of the haze-free regions; therefore, imrease
visible details of the hazy regions an additiongbut is
derived. The second input was preferred to increasgrast
in those regions that suffers due to atmospheyit.liThis can
be done mathematically by computing for each pixdly

subtracting the average luminance va(ll_é of the white

balance image from the original hazy ima(g]é as given in

Eq.4. Contrast enhancement operation amplifiedigibility
in hazy part, but on the other hand fine detailhiefimage get
destroyed. Hence, to eliminate this degradationr@pey
weight maps are defined for each derived inputs.

1,(x)= 250(1(x)-T)
B.Defining weight maps

The derived inputs were weighted by introducingéwveight
maps measures such as luminance, chromaticityadiethce.
These weight maps were calculated in a per-pixaHifa to
better describe the spatial relations of degrades hegions.
These weight maps intend to maintain the regionis good
visibility.

(4)
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Fig. 1. Block diagram of image dehazing by multi-sade
fusion

The Luminance weight maé/VLK ) measured luminance gain

of each pixel. This map was computed by the stahdar

deviation between every RGB color channels and pacH
luminancel from input. The luminance weight map main aim
was to balance the brightness of the image, bredtces
global contrast and color information.

WKL :\/%[(RK_LK )2 +(GK_LK )2 +(BK_LK )2] (%)

The Chromatic weight ma()NKC) was used to control the

saturation gain in the image. Also, it was usedxplain the
colorfulness image based on human perception.vié giégh
saturation to the regions with good visibility. $tirconvert the
RGB image into HSI image. This was computed as the
distance between the saturation veue the image and max

value of the saturation ran(ﬁfax).
K K
X F—
W (X) = ex;{——s () S‘ﬂj

20°
wherek be the index of derived inpu§,,, be a constant and

(6)

is taken as 1 and is the standard deviation (default value is
0.3). The Saliency weight mildvsK )identifies the degree of

conspicuousness with respect to the adjacent regibinis
weight map had well-defined boundaries and unifgrml
highlighted salient regions, even at high resotutgzales
since it increases the global contrast in highéghtand
shadowed parts.

W () = e = 1] (7)
where W™ be the blurred version of the derived input
image andl({ be the arithmetic mean pixel value of the

derived input image. The resultant weight rﬁAbK)was

computed by multiplying all three weight maps. Tely
reliable results normalization is adapted.

The normalized weight ma@/vK) is given by,
W (x)

(%)

W*(x) ®

C. Image Multi-Scale Fusion

The fundamental idea behind fusion based dehazing
technique is to combine images derived from degiadge
into single image by keeping only the most sigaific
features of them. Each pixebf the output fused imadgewas
computed by a multi-scale pyramidal refinementtegin
Each derived input was decomposed into differemamyd
levels by applying the Laplacian operator at défdrscales.

In the same way, for each normalized weight mapaassian
pyramid is computed. Both pyramids must have thaesa
number of levels. Fusion was performed at eachlleve
successively between the Laplacian inputs and ass&au
normalized weight, yielding the fused pyramid agegi in
Eq.9, wherek be the coefficients of the imagégepresents
the total number of the pyramid levels (defauluedt5), | be

the input image\lvK be the normalized weight mads{l}
be the Laplacian version of the derived input and
G{I} represents the Gaussian version of the normalized
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weight map. This step was performed in a bottonmapner B. Estimating Transmission Function by Imposing

successively for each level of the pyramid. Boundary Constraints
o o . According to the imaging model, fused image potutey
F,("’) = ZKG| {WK('J)} L‘{I &*J)} (9) dense haze will be pushed toward the airlight. Getdoally

it means that vectord(x), I(x) andA are coplanar and their
end points are collinear in the RGB color spacered®grsing
the process, we can recover the clean haze freé piis can
J(X) = z, F (X) rd (10) be done by linear extrapolation frokto | (X).

The final fused imagel was obtained by summing the
contribution of each level of the pyramid.

where 1% be the upsampling operator with factor 1 — ”J(X)_ A“ 11)
d=2"1. t(x) J1(x)-A
For anyx, the linear extrapolation of the desired haze free
IV. PROPOSEDMETHOD imageJ(x) must be located in the radiance cube bounded by
The dehazed image obtained in the previous sefditmto two constant vectors that are relevant to the imagd is
remove dense homogenous haze. So to improve thgeimaiven in Eq.12 wher€, andC; are two constantectors.
visibility in dense region an efficient method i®posed. For C,<J (X) <C, (12)
this purpose, first estimate the global airlighdnfr the fused
image. After that a patch-wise transmission functid the
fused image is estim.ated by applying boundary camgs. In boundary constraint aifx), and is given by
order to enhance image structures, a weight fumctio 0<t (X) < t(x) <1 (13)
applied to patch-wise transmission function by gsanfilter A -
bank. Then scene transmission is estimated basetheon The lower bound of transmission t(x) is the ratidveo line
patch-wise transmission from boundary constrainp mad S€gments:
weighting function of patch-wise transmission. Fisehazed . AC—]¢ A°—|C
image is recovered based on the imaging model 2Fyows tb(x) = mlr{ma)%]{r,g,b}( N _C A c}l} (14)
the modified method for haze removal. 0 G
wherec € {r, g, b} be color channel index. After that a
morphological closing on is applied in order to o
artifacts. Patch-wise transmission obtained based o
boundary constraint has a clear geometric inteaioet.

Thus the extrapolation af(x) cannot cross the boundary of
the radiance cube. In turn, for eagh J(x) imposes a

A. Estimating the airlight

The airlight is the only illumination source of teeene. To
estimate the airlight, manually identify the ‘bright pixel’ in
the fused image i.e., the haziest region. Thusghirlis T ]
estimated as maximum value of the observed hazgéma  C: Weighting function

Patch-wise transmission from the boundary congtran

WiELT mAZY based on the assumption that pixels in a locahpatiit share
a similar depth value. This assumption fails togmaatches
- with abrupt depth jumps so a weighting function is
N 1 o I e | e introduced.
¥ IMAGE MAGE b z ‘(D ch) 2/2 >
. - i A g’
i [ ] Wj (l) =—e a{rG,B}\"] i (15)
WESGEHT MaAP SWESLHT AR
1 1 where [ be the convolution operatoB); be a first order
TrANAD GALSSIAN differential operator] be the index number of set of fused
[ image pixels andV, be the weighting matrix. Higher order
1 differential filter bank is used toendow us withoma
R flexibility in the use of the contextual constraifior
preserving image corners and edges. This filtett e odd
y I 3 size to ensure the correct boundary.
- oo || il D. Scene Transmission Estimation
,J ; The scene transmission function can be obtainedhby

combination of the patch-wise transmission derifrech the
T UNETION boundary constraint map and weight function of lpattse
transmission. In order to optimize transmissiorcfion t(x),
an optimization scheme is adopted based on varsgtilting
BEHAZED IMAGE method. Basic idea of this method is to introdueeious
auxiliary variables and construct a sequence oplginsub
problems. These sub problem solution finally uniteform
the optimal solution of the original problem. Two
optimization schemes is used such as fixisglving u; and
fixing u; solvingt, is adopted. These optimization schemes are

i ARG 1000 BADIEEL e

Fig. 2. Block diagram of the proposed haze removal
method.
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repeated until the whole process converges. Hetimizpd
auxiliary variableu; is obtained by fixing given by,

u, = ma{w —%,O}sigr(A)

where & be the local patchf be the medium transmission
coefficient, A be the airlight andign (.) be a sign function.
Final optimized transmission function is obtaingdapplying

a 2D FFT.
%F(t)“LZm_f(D;)OF(U;)
%3+ijwF(Di)o F(Di)

whereF ! be its inverse transforr&, be the Fourier transform,

(16)

t'=F*

17)

F represents the complex conjugatdye the regularization
parameterf be the medium transmission coefficient and
denotes the element-wise multiplication. Th$ is obtained
which enable us to quickly dehaze images of lasiees.
Once the airlightA and the transmissiotfx) are estimated
from the fused image, the scene radiance is olatdfirmen
Eq.3.

V. PERFORMANCE PARAMETERS

A. Database

Haze due to smoke, dust and other dry particlesedses
visibility in the captured images. Similar impagseen in fog
but technically it appears as a dense cloud of mar@plets
close to the ground when night conditions are diegrcold.
To evaluate the performance of proposed methodelar
dataset of different natural hazy images is usedt. tBis
dataset contains no ground-truth images. FRIDA ¢yog
Road Image Database) which contain synthetic imaggs
homogenous fog are used here [11]. To compare dghaz
methods, this database contains ground-truth norfages
as the target images.

B. Performance Parameters

The value of performance parameter evaluation oetri
should be high for a good quality algorithm. Theleation
metric named structural similarity index (SSIM)used to
measure outdoor hazy image quality. The evaluatietric
named Mean Square Error (MSE) and Peak Signal teeNo
Ratio (PSNR) are used to measure synthetic hazgem
quality.

1) Structural Similarity Index (SSIM)

The structural similarity (SSIM) index is a meaner f
measuring the similarity between two images and
y. Structural information carries central infornoatiabout
the structure of the objects in the visual sceres€ pixels
have strong inter-dependencies especially when Hrey
spatially close.

_ (2 +a) oup, +c)
STz ve) (o7 varve)

(18)

a

on Technique forimage Dehazing

values over all windows as in Eq.21. The value &3¥M can
vary from -1 to 1.
1
MSSIM==3%"" SSIM, (19)
p j=1 J
2) Mean Square Error (MSE)

MSE is calculated by averaging the squared intgmgithe
ground image and the output image pixels as,

1 M —1x— N-1 2
MSE=— Sy e(mn)
wheree(m, n)is the difference in error between the ground
and the output images. The minimum value of the M&fbe
0.
3) Peak Signal-to-Noise Ratio (PSNR)
Signal-to-noise ratio (SNR) measures image qubhsed on

the pixel difference between ground and the ouimatge.
PSNR is defined as

(20)

MAX?

MSE
where MAX, be the maximum possible pixel value of the
image. The PSNR value ranges from 0 to 99.

PSNR=10log,, (21)

VI.

In order to demonstrate the robustness and efteatiss of
this proposed algorithm, it has been tested onffareit
natural and synthetic images of maximum 600 x 800
resolution and synthetic images of 600 x 480 rd&wiu
Firstly, this paper qualitatively evaluates thefpanance and
secondly, quantitatively compares with parameteich sas
SSIM, MSE and PSNR. It is implemented using MATLAB
7.9.0 (R2009b) on i-7processor with 8-GB RAM iseatd
process images in approximately 30seconds.

RESULTS AND DISCUSSION

A. Qualitative evaluation

Quialitative evaluation is used since it is diffictal obtain the
corresponding ground truth data for the input oatdoazy
images. Fig. 4 gives some examples of multi-saa@®h and
modified dehazing results to remove dense homogehaze
on the outdoor hazy images. If the haze is dehss multi
scale fusion technique fails. Sometimes it leads
oversaturated color in certain regions. Clearlg tbsults
show that proposed algorithm restores dense horoogen
hazy images which is more visually pleasing. Thdo ha
artifacts and noises are significantly small in mesult. Fig.3
(a) shows the hazy building image. In Fig.3 (bg kuilding
image is too dark and a few hazes still remain otteebush.
In Fig.3 (c), image visibility is greatly enhanced.

to

B. Quantitative evaluation

In the evaluation of synthetic images good resuaite
described by a small value for the MSE and highe/ébr the
PSNR and SSIM. The SSIM assess the structure
perseveration of the ground truth image to the rielka
method output. Generally the dehazed images should
maintain the similar structure information to tlregnd truth

wherepl, H, denotes the mean values of original and dehazed
images,ox oy denotes the standard deviation of original and
dehazed images,, denote the covariance value computed
from the images ancic, are two constants. In general, image
quality MSSIM is obtained by calculating the medr88IM

Published By:
Blue Eyes Intelligence Engineer
& Sciences Publication Pvt. Ltd.




International Journal of Inventive Engineering and Sciences (IJIES)

ISSN: 2319-9598, Volume-3 Issue-6, May 2015

VII.

The core of this paper is to remove dense homogehane
from an image. Hazy imaging model taken togetheh wi
fusion technique is used to restore the originagen It has
been tested on a large database of natural andesiynhazy
images and resulted in visually pleasing imageudocoming

CONCLUSION

Fig. 3. Image dehazing example (a): original imagé€b): (1
Multi scale fusion’s result. (c): our result.

images and the low structure similarity means tlvero [2]
enhancement in certain regions. Synthetic imagedaken
from FRIDA database. Fig.4 (a) shows a uniform fog
synthetic image. In Fig.4 (b), the fused image oleid using [3]
the multi-scale fusion technique is shown. Fig¥sfows the
dehazed image obtained using the proposed method. F[4]
such synthetic images taken for comparison showasttte
proposed method outperforms the multi scale fusidfl
technique and the values are shown in Table $. dbiserved
that the value of MSE decreases by 0.266% andahes of
PSNR and SSIM increases by 6.034% and 0.019%
respectively. (6]

(71
(8]

9]

[10]

[11]

Fig.4. Dehazing results on synthetic images (a): shetic
image with fog. (b): Multi scale fusion’s result. ¢): our
result.

Table I. Comparison of MSE, PSNR and SSIM of
synthetic images (IMG) by Multi-Scale Fusion Method
(MSF) and Proposed Method (PM).

IM MSE PSNR(dB) SSIM

G MSF | PM MSF PM | MSF PM

Img_1| 0.49| 0.11 | 51.22 | 57.46 | 0.99 | 0.99
0 7 8 3 0 6

Img_2 | 0.22| 0.05 | 54.60 | 60.86 | 0.99 | 0.99
5 3 4 2 6 7

Img_3 | 0.39| 0.11 | 52.13 | 57.70 | 0.99 | 0.99
8 0 3 6 2 7

Img_4 | 0.45| 0.15| 51.52 | 56.27 | 0.98 | 0.99
8 3 3 9 9 4

Img_5 | 0.23| 0.04 | 54.42 | 61.77| 0.99 | 0.99
5 3 8 4 5 8

work, it is possible to test our method for videos.
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