N

N

A Robust Region-based Active Contour for Object
Segmentation in Heterogeneous Case
Wassima Ait Fares, El Houssine Bouyakhf, Fakhita Regragui, Ariane
Herbulot, Michel Devy

» To cite this version:

Wassima Ait Fares, El Houssine Bouyakhf, Fakhita Regragui, Ariane Herbulot, Michel Devy. A
Robust Region-based Active Contour for Object Segmentation in Heterogeneous Case.

&#1085 / Pattern Recognition and Image Analysis: Advances in Mathematical Theory
and Applications, 2014, 24 (1), pp.24-35. 10.1134/S1054661814010027 . hal-02018886

HAL Id: hal-02018886
https://laas.hal.science/hal-02018886
Submitted on 5 Mar 2019

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://laas.hal.science/hal-02018886
https://hal.archives-ouvertes.fr

A Robust Region-Based Active Contour for Object

Segmentation in Heterogeneous Case

W. Aitfares"?3 E.H. Bouyakht, F. Regragut, A. Herbulot*® and M. Devy®
' LIMIARF-FSR, Université Mohammed V-Agdal, B.P 1BP4 Rabat, Maroc
2CNRS ; LAAS ; 7 avenue du Colonel Roche, F-310ulblise Cedex 4, France

3Université de Toulouse ; UPS, INSA, INP, ISAE ;: UTIM, LAAS ; F-31077, Toulouse, France

Abstract

In this paper, we propose a new approach usingal Mersion of the region-based active contourdiject
segmentation in images presenting heterogeneityoth the object of interest and the background. blal
version was recently developed to deal with hetemegus appearances by relying on extracting tfe iostead
of global image statistics where the local extrd@eea is defined by using a disk, sketched at paatt along
the active contour, with a constant radius sizédssnd outside the contour. However, the use cbrestant
radius may prevent the active contour getting nioi@mation from its neighborhood and thus beirapped by
undesired boundaries. To avoid this error segmentathe local extracted area using our proposguageh is
determined based on using two different radii thaet separately the interior and the exterior llaafmrmation
of the active contour. Using synthetic and real ges our approach shows an improvement in term of
computation time and outperforms the conventionaethmds in noisy images presenting heterogeneityoth

the object of interest and the background and usiadequate contour initialization.

Keywords: Active contour, Object segmentation, Heteroganeibcal statistics, Level set.

1 Introduction

Active Contour (AC) is a technique that has becormaey popular and has been widely used in image
segmentation [2-8, 12, 14-15]. The main objectivghis technique is to segment an object of inte(es.
Region Of Interest ((ROI)) by iteratively deformirey contour until it reaches the object boundarigs b
minimizing energy functional. Existing AC approashean be generally classified into two categoresige-

based techniques [3, 6] and region-based techniffyje4-5, 7, 14-15]. Edge-based AC techniques lémk



intensity discontinuities in the image and useithage gradients to guide the evolution of the cont@hey
assume that the ROI boundaries can be detectedriairt areas that show rapid intensity changes canhygl
consider the information located close to the ewgiwcontour rather than the information locateddesand
outside it. The main drawbacks of these methodsecérom their sensitivity to image noise and initial
conditions due to the highly localized image infation. Recent works in AC have focused on regioseda
segmentation techniques which aim to identify thesibd regions by using a certain region descrifmtayuide
the motion of the AC.

Region-based techniques, derived from Zhu and &'wibrk [15] and based on the user’s perceptionthen
image content (e.g. intensity, color, or textusgarch for uniformity within the region of interestd within the
background. These techniques outperform the edgedbmethods for their robustness to image noisetamd
low sensitivity to the initial contour location. Mever, the region-based methods suffer from linaitet due to
the assumption on the image intensities which shbalstatistically homogeneous in the ROI and caigd be
in the background.

In fact, intensity inhomogeneity often occurs innpaeal-world images due to different modalitidmrefore
it will be difficult to maintain the global constrd on the image data. To handle intensity inhomegs
problems, Lankton and Tannenbaum [7] have congidecal instead of global image statistics where AT is
moved based on local information. This local regi@sed approach showed its capability of segmenting
heterogeneous objects that would be difficult t@mbeurately segmented using a standard global metho

Nonetheless, for standard AC methods, neither lthigag region-based methods [4, 8, 14] nor theializing
versions [7] resolve completely the problems entenad in the object segmentation by the AC, mainlthe
case of noisy image suffering from heterogeneoasaditeristics and using inadequate contour irdgailon. In
fact, global region-based methods are robust tdoconinitialization and image noise, but they areren
sensitive to image heterogeneity. In contrast,ltleal region-based method is robust against therbgéneity
by allowing foreground and background to be desdrim terms of local regions, but it is more séwsito
contour initialization and image noise and consatjyean eventually produce segmentation errors.

In order to overcome the drawbacks of each apprakmte (global region-based and local region-basad)
cope with the aforementioned limitations, namefg presence of the heterogeneity (in ROI or in hemknd)
in noisy image and the use of an inadequate cormitialization, we developed an approach that coedb the
local-based and global-based image statistics [re/the global and local information are both sagiased.

The combination of local and global information vediernatively addressed by other authors [11, R@fagios



and Deriche [11] have proposed a combined energyinmdation based on edge-based and region-based
energies. Likewise, Sum and Cheung [13] have prgbascombined energy minimization based on theafuan
global region-based and energy based local imagerasi. In our approach [2], the hybrid region-lsase
combination depends on where the heterogeneityaapgim ROI or in background). For instance, if thgect is
heterogeneous compared to the background, the istatistics are extracted locally inside the AC glabally
outside it using the technigueocal IN-Global OUTpresented in [2]; whereas, in the case of hetereqes
background, image statistics are extracted looalliside the AC and globally inside it using thehtd@que
Global IN-Local OUTpresented in [2]. The approach presented in [& feand to be more efficient than the
global region-based and the local region-based adstiHowever, this approach may present limitationthe
case of heterogeneity presented in both ROI ankignaand.

To overcome this problem, the object size infororatand the distance separating the object from its
neighbours could be used. In fact, these factavaldibe considered in the case of heterogeneouadatkastics.

In Lankton and Tannenbaum contribution [7], a enalith a radiusad is sketched at each point along the AC,
and the local selection information is processedsdgcting the information interconnected betwden disk
area (i.e. the region inside the circle), and imsathd outside the AC. The choice of the radius degends on
the object scale and the presence of the surrogndirtters. However, using a same radiad inside and
outside the contour prevents to efficiently explbié object size and the distance separating tfexifsom a
possible surrounding nearby neighbors.

In this paper, we propose a local region-basedaupr that uses two different radiad, andrad,) inside
and outside the AC, respectively. In fact, the gadfirad; (i={1 or 2Z}) strongly depends on the ROI size and the
presence of surrounding objects. Thus, in the ohsdarge object having nearby neighbors, a |laagkus rad;
is defined inside the AC and a short radiasl, is defined outside it. While, in the case of a kwlaject with far
neighbors, short and large radii are chosen inaigg outside the AC, respectively. As a result, rihein
objectives of this proposed method are (1) to cefib segmenting the object of interest in the cab¢he
presence of heterogeneity in both object and backgt and (2) to reduce the convergence time ofAie
energy by exploiting the information of the objaite as well as the distance separating the objewt its
nearby neighbors. A variational formulation is @e®d in which we minimize an energy function tis$a a
certain criterion at each point along the AC.

The rest of the paper is organized as follows.i8e@ presents the terminology used in this pape~all as

the AC energy. The selection of the region-baséatimation is presented in Section 3. Section 4 riless the



proposed approach. Experimental results are predesmd discussed in Section 5. Section 6 concltltes
paper.
2 Terminology and active contour energy

Let | denote a given image defined on the donfaiandl(x) the intensity of the pixet wherex € Q. One
approach to implement the AC segmentation congigising the Level-Set method which considers tligircal
curve as the zero level of a surface [9-10]. Thstodiion of the entire surface induces a deformmatibthe curve
shape. This process stimulates the evolution o”iieand achieves, at the end, the object segmentdietC
be a closed contour represented as the zero levelf @ signed distance functiah i.e., C={x|®(x)=0}. The
purpose of this process is to implicitly evolve tantourC such that, at the convergence, the distance fumti
@ < 0 (inside ofC) and® > 0 (outside ofC) represent the object of interest and the backgtprespectively. In
Level-Set formulation, a smoothed Heaviside funcftéd (x) is used to determine the inside and the outside of
C. The following approximation of the smoothed Ha&le function specifies the interior 6f

([ 1, D(x) < —¢
0, d(x) > ¢

H(D(x)=! .
l. 1+2+l-sin m- o) , otherwise 1)
e m

2 £
Similarly, the exterior o€ is specified a1 — H®(x)).
The energy functional is only computed in a nartmamd aroundC as presented in Adalsteinsson and Sethian
work [1] in order to decrease the computational glexity of the standard Level-Set method. To spettifs
area around the curve, a smoothed version of thechielta (2) which presents the derivative ofeaviside

function is used:

( 1, d(x)=0
0, [o(x)] < e
6P (x) = { 1 - d(x)
kﬁ (1 + cos< . >>, otherwise 2

To perform AC segmentation, we initially define alniective that determines what we want to extreminf
the image, and then we develop an energy critathah should be minimized to achieve this objectiVke
region-based energy is expressed in general bgtagral domain of a region descriptor (energy daot®. The
choice of a relevant energy expression is a siganfi aspect that has been widely addressed byasewghors
as presented in [4, 8, 14]. In this paper, we egnphm region-based energies presented in [4] adtiibere the
ROI is represented by its mean intensities. Thet 8escriptor used in this paper, introduced bynCirad Vese
[4], models the image foreground and backgrouncbastant intensities that are represented by theans; it is

given by:



k(x,2) = (1) = win(2im))” + (1) = Hour @our))” (3
where @,, and 2,,; denote the inside and the outside of the con®uespectively, ang, and ., denote the
mean intensities inside and outsi@grespectively. The second descriptor used in ghiger is introduced by

Yezzi and al. [14] and expressed as:

2
k(x' Q) = _%' (uin(nin) - uout(nout)) ’ (4)

This descriptor assumes that foreground and baakgreegions should have maximal separate meansitig=n

Therefore, according to the chosen descriptoretiegy functional in the Level-Set formulation takiee form:

E(®) = f S®(x). k(x, 02) dx . 5)
n

The evolution equation @ is expressed by:

(6)

%;f(x) = §0(x) - Vk(x,2) + A - 60(x) - div< Vo (x) >'

Vo (x)|
where/7anddiv represent the gradient and the divergence opsratspectively. The second term in (6) is used
to keep the curv€ smooth and it is weighted by a small positive Goieint A. Our models are elaborated based

upon techniques of curve evolution, statisticaktion, and Level-Set method.
3 Selection of theregion-based information

The global region-based approaches present cedbirstness against contour initialization and imagjse.
In fact, they use all information within an imagéeve both image foreground and background are evemi
simultaneously as illustrated in Fig.1 where thgeobof interest is shown in black and the arearérad is the
entire interior and exterior regions of the AC. @elly, the techniques that use global statisbanédel regions
are very sensitive to heterogeneous characterigtidsmay produce segmentation errors. To addréssstue,
Lankton and Tannenbaum [7] have developed a segti@mttechnique based on information collected from
local interior and exterior regions along the AGhea than global regions in order to overcome tgumption
that the foreground and background regions shoelddparated based on their global statistics. Coesgly,
the only assumption considered is that the inteaiat exterior regions are locally different where tocal area
is selected as illustrated in Fig.2. The choicetli@rlocal image statistics inside and outsideA@eis based on
defining a ball functiorB to mask local regions by overlappiBgwith inside and outside the AC [7]. This ball
function centered at, wherex corresponds here to a point on the AC, is expdease

1, [lx —pll < rad 7
0, otherwise ( )

BGxp) = {

whererad is the ball radius anglis a point inQ that assigns t8 the value 1 on the local region and 0 elsewhere.



The local selection approach developed in [7] usesradius inside and outside the AC for each pdong this
contour. The performance of the object segmentatsimg this local selection is related to the radiize which
is determined by considering the object scale hagtoximity of possible surrounding clutters inler to avoid

any error segmentation.

A point on
the Active—"

Contour

Active Contour

Object of Interest

Fig.1 The whole interior and exterior area of the ACealested for the global region-based approach.

Active Contour

Object of Interest

Fig.2 The selected area for the local region-based apprigahe intersection of the interior of the digkh the interior and

the exterior of the AC.

For information extraction, reducing the selectfoom global regions to solely local regions leadsptace
constraints only into selected local regions ratikan the whole region of interest and the backguouror
instance, if such a constraint of homogeneity sthdug verified, then only those of local regionslviié
considered to validate this constraint and guide AT evolution and consequently fewer assumptiaes a
required on the image. We examined here the honedtyeronstraint simply as an example of assumpttbas
the image must verify. For this aim, we employ ¢émergy criteria using (3) and (4) that are seekingegment
homogenous regions by computing the average intesnsf the selected regions inside and outsideAiie
Other forms of constraints can also be investigatedhe image for example verifying a certain vace of
intensities within a region or imposing a certaistribution of these intensities, etc.

The approach presented in [7] is still sensitivéh® AC initialization and noise. This sensitivigydue to the
fact that the information is extracted locally. Bhwith the aim to enable segmenting the objethéncase of

presence of heterogeneity and using an inadequatmifialization in noisy image, we proposed an@ggh in



[2] that combines both benefits of local-based ghubal-based techniques using local-based seleatiamme

side of the AC and global-based selection in itepside at each point along the contour. Indeedendding on
where the heterogeneity appears (in ROI or in baxkyl), two cases have been investigated in owiqare

work [2]. Unlike the standard global region-basggraaches or the local region-based approach,gheach

presented in [2] shows more robustness both agaioise and contour initialization thanks to the bglb
statistical information and against heterogeneqearances thanks to the use of local statistidatmation.

Nevertheless, the approach might present certaiitation in case of a heterogeneous object in erbgéneous
background. To overcome this problem, we develdapimpaper an approach derived from the localiagibn-

based approach using two radii instead of one sagthere the size of these radii are determinedobgidering

the ROI size and the distance separating the R fts neighbours.

In the following section, we describe the principfethe proposed approach for guiding the AC todbgect of

interest boundaries in the case of heterogenedtygmted in both the object and the background.
4 L ocal region-based active contour using two different radii

The localization radius size may affect the obggmentation result, especially in case of a hg&reous
object in a heterogeneous background. When attampi capture an object which is of small size widarby
clutter, a small localization radius should be usesite and outside the AC. Similarly, large lozation radius
inside and outside the AC, is useful when attengptinsegment an object which is of large size Watclutters.
However, if we desire to segment an Object whicbfikarge size with Close Neighbors, referred t@asCN,
or Small size with Far Neighbors, named OS-FN, alsmadius is intuitively recommended because eithe
object has close neighbors or is of a small sizéadt, the use of a small radius can prevent tGed\be trapped
by undesired nearby neighbors’ boundaries in OLg2le, or by undesired object interior boundarignicg
from the object heterogeneity in case of an OSJRNwddition, using a same small radius inside andide the
AC will prevent getting additional information fguiding the contour to the actual object boundaeesling
thus to the need of more iterations for the AC @wvgence. To address this situation, we proposgproach
that exploits the size of the ROI and the larg¢adise separating the ROI from its possible neighlising two
different radii.

The main distinction between our contribution preed in this paper and those presented in [2] @hds[
that the proposed approach consists on selectaad $tatistics in both sides (interior and extérifrthe AC by

allowing a flexible choice of the radius size whéne radius chosen inside the AC is different fribva radius



used outside it. The use of these two differenti iadsuggested to deal with heterogeneity problemd to
decrease the number of iterations for the AC cayaseee to the ROI boundaries.

Let Large_radand Short_radbe the two different radii for the two ball furmtis B_Large and B_Short
respectively. These two ball functions are centateqi masking local regions, and are expressed as:

1, llx — pll < Large_rad ®

B_Large(x,p) = {0 otherwise

1, |lx — pll < Short_rad ©
0, otherwise ’

B_Short(x,p) = {
wherep sets B_Large andB_Shortat 1 on the local region, dependently on which uads considered
(Large_rad or Short_rad respectively), and 0 elsewhere.

Depending on object size and the distance sepgritaobject from its surrounding neighbors, tweesahave
to be investigated as discussed below. For instamdbe case of an OS-FN, since the object isylkssize and
the object neighbors are far, a Short radius Ingidecontour and a Large radius Outside the conteterred to
asSILOfor short, is recommended. Similarly, in the cafan OL-CN; a Large radius Inside the contour and
Short radius Outside the contour, referred toLESO for short, is employed. The area considered irheac
proposed techniques(LO or LISO) is the intersection between the interior aresheflocal selection, using the
two radii, and the interior and the exterior of h€ for each point along the contour. By doing sor new
approach is able to segment a heterogeneous R&®Ohaterogeneous background and outperforms th@aqipr
presented in [2] that requires homogeneity in ROinobackground. Moreover, comparison with the appgh
presented in [7], the use of two radii of differaiges allows the AC to segment the object of @dein a much
less reduced computing time; particularly in theecaf an OL-CN and an OS-FN.
4.1 Large size of the object of interest placed with close neighbors

In OL-CN case, in order to exploit the large siz¢he object of interest and prevent the AC torapped by
the boundaries of the object’'s neighbors, we chdlesdechnique, referred to 4450, which employs a large
radius inside the AC and a short radius outsidEi@.3 illustrates the principle of this techniqUdwe object is
designed in black and gray regions to show therbgémeity in the ROI. The two dotted curves linhi¢ focal
selection areas using the two different radii insighd outside the AC. The remaining objects prebenhearby

neighbors of the object of interest to show thetogeneity of the background.



Fig.3 LISO-based technique in the OL-CN case. The objectyaathe center and designed by the gray and lalees
represents a large heterogeneous ROI. The surraguobjects represent the neighbors which are cto#ieetROI. The two

red dotted curves limit the local selection usirgrge radius inside the AC and a short radius deti

The energy functional is expressed in this techaiggi follows:

E(tl')):/ oD (x)- B_Large(x,p).k(, Qi) dp dx +
2

in 'QP_Large

(10)
f 6P(x) - B_Short(x,p) .k(p, Qyys) dp dx,
0

out -Qp,Shart
whereQ, |ageand 2, snorrepresent the local regions maskedpy argeandB_Short respectively, and both
ball functions are centeredrat

In this case, the evolution of the cu@awill be expressed as:

0P
E(x) =6P(x) - [f B_Large(x,p) .Vk(p, 2i,)dp + f B_Short(x,p).Vk(p,2yy)dp| +

‘{ZV,Large ﬂp_short

11
1 6d>(x).div< Vo) ) . (1D

Ve ()]
4.2 Small size of the object of interest placed with far neighbors

In OS-FN case, in order to get benefits from thetatdtice separating the object of interest from dtssible
neighbors and to obtain more information of theiemment surrounding the ROI and thus to speedhep t
convergence of the AC, we choose the techniquerreef to asSILO. As mentioned above, this technique

employs a short radius inside the AC and a lardeisaoutside it. Fig.4 illustrates the principletlois technique.



Fig.4 SILO-based technique in the OS-FN case. The objeclynaiathe center and designed by the gray and ldeeks
represents a small heterogeneous ROI. The surragobijects represent the neighbors which are fan ftee ROI. The two

red dotted curves limit the local selection usirghart radius inside the AC and a large radius detisi

In this case, the energy functional is expressddlesvs:

E(¢7)=/ 8D (x) / B_Short(x,p).k(p, 2;) dp dx +
2 0

p_Short

12)
f 6D (x) f B_Large(x,p) . k(p, Qoyt) dp dx
Qout -Qp,Large
and the evolution of the cur@is expressed as:
0
6—(x) =§D(x) - [J- B_Short(x,p) .Vk(p, 2:)dp + f B_Large(x,p).Vk(p, Qoue)dp| +
t np,Short nZ’-Large
(Vo(x) (13)

Using these above mentioned techniquiX0 andSILOIn cases of OL-CN and OS-FN, respectively, alldhes
object segmentation approach to: (1) assure robsistagainst heterogeneity that can appear in RGh or
background and robustness against AC initializatiod noise as the work in [2]. (2) give more flaliip to the
approach so that it can be applied even in capeesence of heterogeneity in both the ROI and &okdround
which presents a performance improvement compaoedheé method developed in [2]. (3) Reduce the
computation time for the AC convergence by selectrilexible size of the radius inside and outsfdeAC and
getting more information on the ROI size and itsraunding environment; which presents a performance

improvement compared to the approach presentég].in [
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5 Experimental results

In order to assess the performance of the propagptbach; experiments have been conducted onetitfer
sets of synthetic and real image data. In theseerempnts, the proposed method is compared with the
conventional methods in terms of segmentation awyuin noisy images using different types of n@ed using
an inadequate AC initialization. The proposed apphois evaluated in images presenting heterogeimetipth
the ROI and the image background.

In the following two subsections, we evaluate tleefgrmance of the proposed approach and examine the
advantage of using two different radii in the cadepresence of heterogeneity in both the ROI aral th
background for synthetic and real noisy imagess ltvorth mentioning that the choice of tiLO-based
technique or theLISO-based technique is made according to the OS-FMDIGICN case, respectively. A
comparative performance evaluation for this prodcsgproach with other conventional segmentatiornoo
using the descriptors presented in [4] and [14fésented and discussed below.

5.1 Object segmentation in synthetic images

Fig.5 presents the results related to the OS-FN gas synthetic image. Fig.5 (a) represents thgina
synthetic image. Fig.5 (b-h) represent the samgénia which we added a Poisson distribution ndi$e object
is an OS-FN with heterogeneous characteristics wkscpresented by the gray and white intensitied ian
located nearly in the image center. The surroundlvjgcts present the ROI neighbors to show therbgémeity
of the background. By using an inadequate inition of the contour as shown in Fig.5 (b), Figcsh)
illustrate the ROI segmentation results using dififé approaches based on the Chan and Vese ené@grgion
[4]. Fig.5 (c) presents the segmentation resulbhgighe global approach that fails due to the presesf
heterogeneous characteristics in ROI and backgrousihg the local approach, the AC was trappedhey t
internal false ROI boundaries instead of restinghenreal exterior ROl boundaries as shown in F{d@)5 In
addition, due to the presence of heterogeneityth the ROI and the background, respectivelyGhabal IN-
Local OUTandLocal IN-Global OUTtechniques, presented in [2], were not able tdethe AC to the actual
ROI boundaries as shown in Fig.5 (e-f). The segat@mt also fails in the case bfSO-based technique (Fig.5
(9)) due to the use of a large radius inside theaf@ a short radius outside it. In fact, the evoiubf the AC
was trapped by the false interior ROI boundariascdntrast, theSILO-based technique gives accurate object
segmentation and maintains the robustness aga@testogeneous characteristics, appearing in both &dl

background, by increasing the radius size outdideAC to benefit from the large distance betweenRBI and

11



its neighbors (Fig.5 (h)). By doing so, more infation was exploited from the ROI neighborhood dndstthe

AC is protected from being attracted by non-desaautours presented in the interior of the objédéhierest.

o o o o
00°,0°,0°

(a) Original image (c) Global (e) Global IN-Local OUT (9) LISO

(b) Initialization (d) Local (f) Local IN-Global OUT (h) SILO
Fig.5 Segmentation of a heterogeneous object in a lggremus background using different approacheh&©OS-FN case
in a synthetic image with an added “Poisson” distiion noise in (b-h). The original image is remmed in (a). The ROI,
which is of small size, is represented by the guag white areas and is located nearly in the incagéer. The surrounding

objects represent the neighbors which are far fteerROI.

Fig.6 illustrates the results obtained in the aafsan OL-CN in a synthetic image. Fig.6 (a) represahe
original synthetic image while Fig.6 (b-h) represtre same image in which we added a Poisson lulision
noise. The ROI presents heterogeneous charaateragi described in gray and white intensities anddated
close to the image center. The surrounding objeitsent the ROI neighbors to show the heterogenéitiie
background. By using an inadequate AC initializatas shown in Fig.6 (b), Fig.6 (c-h) illustrate thigject
segmentation results using different approachesdbas the Chan and Vese energy criterion [4]. Tibead,
Global IN-Local OUTandLocal IN-Global OUTapproaches fail to segment the object of intedest to the
heterogeneity in both ROI and background, as shiowfig.6 (c) and Fig.6 (e-f), respectively. Usingetlocal
approach, the contour was attracted this time kyefaontours corresponding to ROI neighbor’'s bouedaas
shown in Fig.6 (d). Fig.6 (g) and Fig.6 (h) displine segmentation performance using 8ieO-based and
LISO-based techniques, respectively. Using $hieO-based technique, the AC in this OL-CN case wasabts
to detect the real ROI boundaries. That was obiyaasticipated since this technique uses a shditisainside

the AC and a large radius outside it which leadsAK to be attracted by the ROI neighbor’s bouredarihe

12



LISO-based technique gives however an accurate olggatentation performance and maintains its robustnes
against heterogeneous attributes, appearing inthetlobject of interest and the background, byeasing the
radius size inside the AC. This allows taking adage from the large size of the ROI and thus ptotgdhe

AC from the close boundaries corresponding to R@fasinding neighbors. Therefore, our proposed LISO-
based technique drives the AC to the ROI boundaies prevents it to be attracted by the ROI neigkbo
boundaries since more information from the AC iiotearea is used allowing thus the AC to conveméhe

actual desired object of interest boundaries.

(e) Global IN-Local OUT (g) SILO

(b) Initialization (d) Local (f) Local IN-Global OUT (h) LISO
Fig.6 Segmentation of a heterogeneous object in a lggremus background using different approacheh&OtL-CN case
in a synthetic image with an added “Poisson” dstiion noise in (b-h). The original image is remmed in (a). The ROI,
which is of large size, is represented by the gray white areas and is located nearly in the incageéer. The surrounding

objects represent the neighbors which are clogiget®ROl.

5.2 Object segmentation in real images

In the case of real images, segmentation resudtpraisented in Fig.7 and Fig.8. In the case of Ol g.7
(a) shows original real image and Fig.7 (b-h) sheame image corrupted with a “Salt & Pepper” noise
distribution, in which the car represents the obfdnterest. Notice that even if there is an aloseof nearby
objects for the ROI in this real image, some zdndhe background verifying the energy criterionynpday the
same role as the presence of ROI close neighbarsh&y can attract the AC to their boundaries. Biyng an
inadequate AC initialization (Fig.7 (b)), Fig.7 lfg-illustrate the object segmentation results udiiferent

approaches based on the criterion introduced innGhad Vese work [4]. Using the global approach, the

13



heterogeneous characteristics always prevent théof&olve to the ROI boundaries and consequeatd ko
error segmentation as shown in Fig.7 (c). The dlgegmentation using the local approach is degradesthown
in Fig.7 (d) due to the sensitivity of this apprbdo initial contour and also to the presence ofabe zones in
background that verify the energy criterion. Congadly, some parts of the initial AC sketched fani the real
object boundaries easily diverge from the ROI. dthbapproache&lobal IN-Local OUTandLocal IN-Global
OUT (presented in [2]), the interior and exterior gbbelection influence the calculated energy vaine that
leads to an incorrect object segmentations as showhig.7 (e) and Fig.7 (f), respectively, due tmet
heterogeneous characteristics in both ROl and Waaokg. Fig.7 (g) and Fig.7 (h) present the segntiemnta
performance usin§lLO-based andlISO-based techniques, respectively. BieO-based technique prevents the
AC to be attracted by the real object boundarigsesthis technique is intended to be used for afFNSase
and not for an OL-CN case. The segmentation esralue to using a large radius outside the AC, whead
this contour to be attracted by some zones, betbitgehe image background, that verify the enentgrion.
The LISO-based technique gives however an accurate obggechentation result and maintains its robustness
against heterogeneous attributes, appearing iniR6thand background. This was made possible byasing

in this case the radius size inside the AC sineeR®I is of large size and thus protecting the Agrfthe close

boundaries corresponding, for this example, to gdreonging to the background.

S
ouT

—

() LISO

(f) Local IN-Global

(b) Initialization (d) Local

Fig.7 Segmentation of a heterogeneous object in a lggremus background using different approachehi&OL-CN case
in a real image with an added “Salt & Pepper” disttion noise in (b-h). The original image is reggpted in (a). The car

represents the ROI.
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To study the object segmentation in OS-FN real enzage, Fig.8 (a) shows original real image an®BKiy
h) show same image corrupted with a Gaussian risggbution. The object of interest is represerigdthe
light gray car. By using an inadequate AC initiatinn (Fig.8 (b)), Fig.8 (c-h) illustrate the objesegmentation
results using different approaches based on theriges introduced by Yezzi and al. [14]. As shownFig.8
(c), the global approach fails to segment the dhljee to the heterogeneous characteristics in thetfROI and
the background. Likewise, in the local approacly.@{d)), being sensitive to the AC initializatiand noise, the
selection which is made only locally, prevents i@ to rest on the whole ROI boundaries. Using guhhiques
Global IN-Local OUTandLocal IN-Global OUT the AC was trapped by the heterogeneity presentbdth the
ROI and the background, as shown in Fig.8 (e) agdBHKf), respectively. Fig.8 (g) and Fig.8 (h) seet the
segmentation performance usingSO-based andSILO-based techniques, respectively. Thé&SO-based
technique fails to correctly segment the objednhtdrest. This was expected since this techniquended to be
used for an OL-CN case and not for an OS-FN casplays a large radius inside the AC which leads thiter
to be trapped by the interior ROI heterogeneitycémtrast, theSILO-based technique gives accurate object
segmentation and maintains the robustness agatestolgeneous attributes, appearing in both the &@Ithe
background. The outperformance of the segmentatisimg ourSILO-based technique, resides in receiving

more information from the ROI surrounding envirommand that by increasing the radius size by soix&l9

outside the AC.

(a) Original image (c) GIobI (e) Global IN-Local OUT (g) LISO

(b) Initialization (d) Local (f) Local IN-Global OUT (h) SILO
Fig.8 Segmentation of a heterogeneous object in a lggremus background using different approacheh&©OS-FN case
in a real image with an added “Gaussian” distritmuthoise in (b-h). The original image is represerie(a). The light gray

car represents the ROI.
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To study the performance of the proposed approacterms of the number of iterations needed to the
convergence of the AC energy, a comparative stadyhie local approach and the proposed approaciy asi
inadequate and adequate contour initializatiornissugsed in the following subsection.

5.3 Computational time and energy conver gence

Based on the previous segmentation results obtaiithdthe local andSILO-based approaches as shown in
Fig.8 (d) and Fig.8 (h), we studied their perforeasin terms of the energy convergence by consigédhe
cases of using inadequate and adequate contoializgition as well. Fig.9 shows that for inadequed@tour
initialization, the SILO-based approach outperforms the local approacltesihe minimum of the energy
achieved had a smaller value, leading thus to raccerracy in segmentation (as found in Fig.8 (h) mared to

Fig.8 (d)) even though it convergences much slower.

Local approach
SILO approach

%

"

o T
Gl R T i i Y
ity
Wy, el W"NMW»MWW

i

Energy

M‘Wm‘w
iy
Py
ﬂw“’m»w
M,

mmm».mw»ww
"

i
Wowwwmw‘w .
" Wy

L
~ﬂ1h«mmm{«lmopwwx»,rn'y:vw»wmw.mvwmwww:mm«wmm

L L L L L L L L L
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Iterations number

Fig.9 Energy convergence versus the number of iterafmmthe car segmentation presented in Fig.8 ferdsal (blue

curve) and SILO (red curve) approaches based o asi inadequate AC initialization.

Fig.10 presents results for adequate contour izdion which reveal that the local approach shmesne
segmentation improvement compared to the caseing isadequate contour initialization, howeverdtmains
less accurate than the segmentation bySHeO-based technique. This is also proven by the enetgyes
represented in Fig.11 showing that tBH.O-based technique converges to a lower value ofeti@rgy. In
addition, the proposed technique is faster tharidb&l method; it requires less than 400 iteratiomspared to
more than 500 iterations needed using the locatcaoh. In fact, the number of iterations is redubgdour
proposed approach by exploiting the informatiomnfrthe ROI neighborhood by increasing the radiug siz
outside the AC.
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(a) Local (b) SILO

Fig.10 Car segmentation using the local and SILO appraabhsed on an adequate AC initialization.

Local approach

SILO approach
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Fig.11 Energy convergence versus the number of iterafmmihie car segmentation presented in Fig.10Herddcal (blue

curve) and SILO (red curve) approaches based oy asi adequate AC initialization.

6 Conclusion

In this paper, a new approach using region-based AL object segmentation in images presenting
heterogeneity in both the object of interest arellihckground has been proposed. This approachederiom
the local region-based approach and relies on tifferent radii instead of only one radius. By usitwgo
different radius sizes inside and outside the Arimation on the ROI size and the distance seipgréte ROI
from its neighbors can be advantageously exploiéd.used two different criteria for the AC energyshow
that the proposed approach can be applied wittergifit energy expressions. We have tested the method
empirically on synthetic and real image databasg alstained promising results in case of noisy imsage
presenting heterogeneity in both the ROI and thekdrmund using inadequate and adequate contour

initialization.
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