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Abstract: Problem statement: Image segmentation is the process that subdiadeisnage into its
constituent parts and extracts the objects. Itns of the most critical tasks in automatic image
analysis because the subdivided results will affdhe subsequent processes of image analysik, su
as object representation and description, featwwasmrement and even the following higher level
tasks such as object classification and scene prgtition by optimized resultsApproach: In
this study, we proposed an optimal approach for icaédmage segmentation based on the
combination of Particle Swarm Optimization (PSOX aBlobal Minimization by Active Contour
(GMAC) methods. PSO is a population based new d&weolary algorithm in the field of image
segmentation where the image homogeneous partecdatbcted. The grouped part from PSO is again
treated with GMAC to reduce the complex region mage partsResults: The feasibility of these
algorithms for analyzing is presented through expental investigation. The simulation results give
that the proposed optimal approach gives efficiergsults for image segmentation.
Conclusion/Recommendation: The performance of the proposed study is compartdthe existing
traditional algorithm and real time medical diagedsage.
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INTRODUCTION Need for medical image segmentation: Medical
image segmentation is a difficult problem due te th
fact that medical images commonly have poor conhtras

e ” . . and missing details due to different types of noise
purpose of segmentation is to partition an image in Th ati thods d d Jalit q
distinct, semantically meaningful entities by défm € segmentation methods depend on modality an

boundaries between features and objects in an imagdmension of imaging because of the high
based on some constraint, or homogeneity predicatéependency of factors like disease type and image
Image segmentation methods fall into six categoriesfeatures. Likewise, segmentation needs the image
Pixel based segmentation Rezal. (2005), Level set interpretation because of its dependency on the
segmentation, Region based segmentation Jayadevappensidered applications.

et al. (2009), Edge based segmentation by Bregson

al. (2007), Edge and Region Hybrid segmentationParticle Swarm Optimization (PSO): PSO based on
Chuanget al. (2006) and Clustering based segmentatiorthe study of Bird flocks searching for food is uded
Airoucheet al. (2009); Mezhoud and Hachouf (2011); optimal segmentation by Alliliet al. (2004) and

Bonabeatet al. (1999) and Eberhaet al. (2001). Airoucheet al. (2009). In the active contour model, the

For optimal approach, a lot of techniques aresegmentation of an image plays a very importarg. rol
gvsacl)lable(;;zAngmr:Z? a convex cost f‘éﬂ“&‘?ﬂa Wﬁ'e?Here, different initial conditions in the evolutioaill

o or echniques are processed Individually give different segmented region, where the reswilis
estimate the cost function which is a nonlinearcfiom,

it is very difficult to statistically determine tHanction "0t be satisfactory using (Lee and Park, 2006)
which can be used as a minimizer for the givenCinnekeretal. (2002), Kharragtal., 2011).
function. In our study, the optimal segmentation is 1O improve the minimization of active contour
processed to meet the cost function by the combimat method GMAC is used for contour based level set
of PSO and GMAC. segmentation.
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Segmentation is one of the most important
techniques for image processing Hual. (2009). The
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Global Minimization by Active Contour Method CT scanner
(GMAC): GMAC based segmentation was used for
simplifying the image. The optimization techniquee
based on biologically inspired techniques, aftadying

the functioning of various organisms like ants,tipkr
swarms, bird flocks and even the evolution of human
population. Each of these gives rise to a different
technique, which are heavily used in these dagainto
day optimization problems. A few algorithms were
proposed to determine the global minimization byniyle

et al. (2007) and Bressaat al. (2007).

Image pre-processing

}

Image detection
using segmentation

Optimized
segmented
image

MATERIALSAND METHODS

A framework for the optimal methodology: This  Fig. 1: Optimized segmentation using PSO and GMAC
study presents the optimal approach on the combinat
of PSO and GMAC algorithm. The detailed explanationwhere, kis the number of principle eigenshapes, W
of the detection system is described in Fig. 1 Wwhic = 1, 2,..., k are the weights for these eigenshapes a
shows an optimal segmentation system. The prethese weights are ranged frofto o?;(whereo;
processing is the first stage which starts thegssc are the eigenvalues corresponding with these
produce noise suppression and image enhancement. Teigenshape). In addition, we consider the pose
second process consists of PSO with GMACparameters; a, b for translation, h for scaling @nd
segmentation for irregular brain detection. Thefor the rotation angle, which incorporated intosthi
performance of the segmentation is compared wittframework using an affine transform. Therefore each
other segmentation method. The optimal imageparticle P in the®SO population is represented as P =
detection system framework is shown in Fig. 1. [(w, I =1, 2..K,a b, ho] and it represents a
The aim is to produce the optimal segmentedsegmenting curve.
regions within few seconds, which is based on the The fitness of each particle in this study

following methods: represents how the corresponding curve segments the
image. So in the proposed technique, we tend to
» Particle Swarm Optimization (PSO) maximize the fitness function proposed in (Al
+ Improved Global Minimization by Active Contour al., 2004; Airoucheet al., 2009). This fitness Function
(GMAC) with PSO (FT) is formulated as Eq. 2:
Particle Swarm Optimization (PSO): Recently, FT=600(A+ (1_B)) 2

Swarm Intelligence (SI) has been applied in numgrou
fields including optimization. One of SI methods where, Ais the fraction of pixels inside the segmenting
performing well in solving optimization problems is curve that are labelled “ true” andiB the fraction of
Particle Swarm Optimization (PSO). PSO is athe pixels outside the segmenting curve that are
stochastic search method that was developed in 1998belled “true”. The maximization of this fitness
based on the sociological behavior of bird flocking function means that more desired pixels are gathere
The algorithm of PSO is easy to implement and hadnside the segmenting curve.
been successfully applied to solve a wide range of ) ) _ )
optimization problems in many fields such as image! " PSO algorithm implementation: The PSO image
processing fields including image segmentation.Segmentat'on IS cgrrled out by adjgstmg thg curve
Image segmentation is a low-level image processin arameters accordlng_ to the undeswab_le object, the
2 . . ; egmentation process is done by the following sempie

task aiming at partitioning an image into L
homogeneous regions. The segmenting curve by PSP Select t_h_e curve parameters arbitrarily from the
: ; : ) - ange specified in Table 1 and 2 and create the
is defined in the following Eq. 1: Corresponding level set functions
_ K . Segment the image by using the curves derived
DY) =P (X, Y)+ D, (XYW P, M) from the generated level set functions
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Table 1: PSO algorithm configuration The Segmented results produced by the PSO
Swarm size (the no. of segmenting curves) 25 algorithm consist of some irregular regions and
Max. no. of epochs 1000  consequently to improve the results the GMAC level
Local best influence 20 set method is used for segmenting curve. The
Global best influence 2.0 followi lai he GMAC hod d h
Initial inertia weight 0.9 ollowing explains the method to produce the
Final inertia weight 04  optimal output.
Epoch when inertia weight at final value 80.0

_ - Improved GMAC with PSO: The idea of
Table 2: Segmenting curve configuration . ~ segmentation based on active contour models work
Parameter name Parameter range Maximum velocityefficiently. A contour deforms until it reaches the
Wii=12..k 5,6, [ boundary of the object to be detecFed. This is

5 accomplished by constructing and solving a Partial

a, b -20~ 20 05 Differential Equation (PDE) that directs the evaut
h 05~2 05 of the contour from its initial position and shapéere
i -90~ 90 12 P

shown in Table 1 and 2.

Disadvantages of PSO-based approaches:

are mainly two kinds of active contour, namely,
] . Parametric Active Contour (PAC) and Geometric
Measure the fitness of each curve by computingactive Contour (GAC). PAC is based on energy

and determine the best curve curve evolution and geometric flow. In the casehaf
Update the curve parameters according to the PSGAC model, the existence of local minima can préven
algorithm equations. the segmentation of significant objects lying iragmes.
Create the level set functions of the newAn image segmentation model provides independently
parameters and repeat Step-2 the correct result considering the initial conditio
Repeat Step-3 which means that a global minimum of a convex

If the best curve is not changed for more than 1d‘unction. New active contour energies_ based on_the
epochs, produce the segmentation results; else gC%AC model an_d the values of global minimum region
to Step-4 orresponds with the expected segmentation re_alslt h
been used. Even though the noisy input is given to
GMAC the improved method removes the noise while
Spreserving the edges in the image for segmentation.

In the active contour model, the segmentationnof a
image plays a very important role. Here, different
initial conditions in the evolution will give diffent
) . . segmented region, where the results will not be
Lacking somewhat of a solid mathematical gaiistactory. This unsatisfactory result is the
foundation for analysis o minimization problem of the active contour.

Some limitations in real-time applications, such as A fey algorithms were proposed in Ret al.
in the 5 min dispatch with network constraints (5445 to determine the global minimization whistto

Due to relatively longer computation time : : :
(Possibility for the off-line real-world problems godéfgo%eeﬁg;jm, ?/ser:]etr)gg(\jVFEateg?l (ROF) (Breszton
such as in the Day-ahead electricity markets) " 9y g q. 2

Still having the problems of dependency on A ,

initial conditions, parameter values, difficulty in EROF(U,)\)ZJ-‘DU‘+7HU_f‘ (3)
finding the optimal design parameters, stochastic 2 25

characteristics of the final outputs

The major drawback of PSO, like in other heuristic By first replacing the Total Variation (TV) by a
optimization techniques, is that it lacks somewhatweighted TV and then, more importantly, changing
a solid mathematical foundation for analysis. Thethe measure in the fidelity term from the squarehef
PSO is a variant of stochastic optimization L, to the L. This gives Eq. 4:

techniques requiring relatively a longer

computation time than mathematical approaches c. c .

It stil has the problems of dependency on EZ(U,A):J'g(f)\Du\H\Hu—f‘ 4
initial point and parameters, difficulty in finding Q Q

their optimal design parameters and the stochastic

characteristic of the final outputs where, g (f) =1/(18|0f|)
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As in the study (Sonkaet al., 1999), the
characteristic function of a set with boundary givey
the curve C the minimizer of the above energyi&
the same as the minimizer of the active contourgne
Eqg. 5:

E,c = [g(f)ds (5)

With f approximated by a binary function of a
region 2. Numerically, the minimization problem is
convex. The global minimization active contour noeth
avoids the uncertainty disturbances. To improve the
segmentation results with high homogeneity thevacti
contour method called GMAC is used. The results s . M
produced by PSO are again processed by the Fast [ i ()

GMAC algorithm for minimizing the segmenting
region. The result produced by the optimal approaclFig. 2: Image results of Different Segmentation

gives the less computation time and low minimaberr Algorithm, (a) Original Image, (b) Otsu
The Global minimal energy level is obtained by the Method, (c) FCMT method, (d) to () GMAC
following equation Eq. 6: Method, () to (h) PSO Method (i) to (k)
PSO+GMAC Optimal approach
E,c =[g(f)ds (6)
c Energy
The GMAC will reduce the noise and fast {;
minimization of the region take place with better 86
homogeneity. The advantage of GMAC is to improve s
the result with fast minimization. 04 i
Hence in our approach the better results are 3
obtained by the following formation of the equatieq. 0.1 -
7 : ’ Otsu GMAC PSO PSO+GMAC
Exe = J @ (x,y)ds (1) Fig. 3: Energy displays for different segmentaticgthod

where, the E. js the global minimal energy level for

E
segmenting curve C (region). The (x, y) is the PSO 23
level set method for segmenting curve. 2 4
RESUL TS AND DISCUSSION Ls l

T
®mET
The experiments are presented to demonstrate the 1
practice and the performance of the proposed novelos .
image segmentation approach. Moreover, Otsu’s .l
(clustering based) method (Airoucbkeal., 2009) PSO Otsu GMAC PSO
method, Level set method by senthilkumar (Bresston
al.,, 2007) and Fast GMAC method (Bonabeial.,  Fig. 4: ET display for different segmentation meatho
1999) is carried out for comparison. Both real ismg
are 256x256 in size. The first original image wtsu  Figure 2i shows the graph of g best in PSO. Figjse
and FCMT results are shown in Fig. 2a-c. Figureyg2d- represents the proposed approach, respectively. As
illustrate the segmented images using GMAC methoaontrasted with GMAC and PSO results, the regioas a
and PSO method. extracted completely by the proposed approach.
67
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Table 3: Parametric Evaluation of different Segratah method CONCLUSION

Method Energy Evaluation(sec) Time

Otsu 0.59 1.45 In case of medical image segmentation the aim is
GMAC 0.53 2.38 to study anatomical structure, identify the regioh
PSO 0.69 1.47 interest, measure abnormality and help doctors in
PSO with GMAC ~ 0.89 0.73 planning for early diagnosis. In this study, we

proposed an optimal approach for medical image
In the proposed optimal approach even thesegmentation based on the combination of Particle
minute region is taken into consideration whichsget Swarm Optimization (PSO) and Global Minimization
minimized to produce the segmented results. Figur®y Active Contour (GMAC) methods. The PSO is a
3 and 4 gives the energy and ET values for differenPopulation based new evolutionary algorithm in the
segmentation algorithms. field of image segmentation where the image
The energy value and evaluation time is calculated?omogeneous part can be detected. The grouped part
based on the following conditions, the gray levetrgy from PSO is again treated with GMAC to reduce the

shows how the gray levels are distributed. It iscpmplex region of image parts..The simulation re§ul
formulated as: gives that the proposed optimal approach gives

efficient results for medical image segmentation
based on parametric metrics.

E) = p(x)
2ia Future scope: Our approach is robust when compared

to other methods. It still consists of some probliem
where, E (x) represents the gray level energy @8  ggjecting the parameter configuration. In our fetur

bins and p (i) refers to the probability distritwti  stydy, we will investigate better and more effitien
functions, which contains the histogram counts. ThQNayS to solve the Computationa| pr0b|em5_ Our @a|
energy reaches its maximum value of 1 when an imag® achieve real time interactive image segmentation
has a constant gray level. The larger energy valuarbitrary number of classes using the optimization
corresponds to the lower number of gray levelscivhi framework with less computational time.

means simple. The smaller energy corresponds to the
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