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Abstract: In this paper, we present a novel technique called spatial 
kernel fuzzy clustering with adaptive level set approach for Oil 
spill image segmentation. The proposed method is diversified into 
two stages; in the first stage the input is pre-processing by Spatial 
Kernel Fuzzy C-Means clustering (KFCM) to improve the 
clustering efficiency and less sensitive to noise. In the second 
stage, it necessary to use the level set method to refine the previous 
stage segmentation results. The performance of the level set 
segmentation is subjected to proper initialization and optimal 
formation of directing parameters. The controlling parameters of 
level set evolution are also projected after the results of kernel 
fuzzy clustering. The proposed method, spatial kernel fuzzy 
adaptive level set algorithm is enhanced the local minima 
problem. Such developments enable level set handling and more 
strong segmentation. The results confirm its effectiveness for oil 
spill images over the conventional CV model i.e number of 
iterations, Computational time and PSNR 

 
Keywords: Oil Spill Image Segmentation, adaptive Level set 

Equation, spatial kernel fuzzy clustering.  
i 

I. INTRODUCTION 

A iwell-studied iproblem iin icomputer ivision iis ithe 
ifundamental itask iof isegmenting ior ipartitioning ian iimage 
iinto idisjoint iregions iwith iapplications iranging ifrom 
imedical iimage ianalysis, iquality icontrol, ior imilitary 
isurveillance iand itracking. iAlthough ithe igeneral 
isegmentation iproblem iinvolves iseparating iN idistinct 
ipartitions, ia ipiecewise iassumption iof itwo isets iis 
igenerally imade. iThat iis, ithe iimage iis iassumed ito ibe 
icomprised iof itwo ihomogeneous iregions, ioften ireferred 
ito ias i“Object” iand i“Background”. iThe igoal iof 
isegmentation iis ito iaccurately icapture ithese iregions. 
iSpecifically, ithe iuse iof iactive icontours ihas ibeen iproven 
ito ibe iquite isuccessful iin iaccomplishing ithis itask. i[1-6] 
There iare imany iadvantages iof iregion-based iapproaches 
iwhen icompared ito iedge-based imethods iincluding 
irobustness iagainst iinitial icurve iplacement iand 
iinsensitivity ito iimage inoise. I 
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However, itechniques ithat iattempt ito imodel iregions iusing 
iglobal istatistics iare iusually inot iideal ifor isegmenting 
iheterogeneous iobjects. iIn icases iwhere ithe iobject ito ibe 
isegmented icannot ibe ieasily idistinguished iin iterms iof 
iglobal istatistics, iregion-based iactive icontours imay ilead 
ito ierroneous isegmentations. iThe iconstruction iof ithis 
iimage icauses iit to ibe isegmented iimproperly iby ia 
istandard iregion-based ialgorithm, ibut icorrectly iby ian 
iedge-based ialgorithm. Heterogeneous iobjects ifrequently 
ioccur iin inatural iand imedical iimagery. To iaccurately 
isegment ithese iobjects, ia inew iclass iof iactive icontour 
ienergies ishould ibe iconsidered iwhich iutilizes ilocal 
iinformation, ibut ialso iincorporates ithe ibenefits iof 
iregion-based itechniques. Segmentation iis ito iPartition ian 
iimage iinto idisjoint, iconnected icomponents ithat iare 
ihomogeneous iw.r.t. intensity, itexture ior icertain 
iprobabilistic imeasures. i 

Active icontour iMethod iis ievolving icontours itowards 
iboundaries iof iinterest iby idesigned iforces i(e.g. iedge, 
iregion iInformation ior iprior iknowledge). Active icontour 
imodels ihave ia iconsistent imathematical idescription; itheir 
isolutions isatisfy icertain iminimum iprinciples. 
 i i i i i i iEdge ibased iRely ion iedge iinformation i(high 
imagnitude iof iimage igradient) iLimitation i– isensitive ito 
inoise, iartifacts, imay ileak ithrough igaps ion iboundary 
iRegion ibased: iMake iuse iof iinformation ion iregional 
istatistics ifrom iimage iintensities. iLimitation i– ihigh inoise 
ilevel, iintensity ihomogeneity, icomplex iintensity 
idistribution iCombination iof iedge ibased iand iregion 
ibased. 

There iare itwo iwell-established iconcepts iin iimage 
isegmentation: ipixel iclassification iand itracking ivariational 
iboundary i[7]. iThe ifirst ione iassumes ithat ithe ipixels iin 
ieach isubclass ihave inearly iconstant iintensities, iwhich iis 
itrue ifor ithe ianatomical istructures iwith isimilar 
iphysiological iproperties. iSuch ialgorithms imay idetect 
imultiple icomponents iconcurrently, ibut ithey iare 
isusceptible ito ienvironmental inoise iand iimage 
iinhomogeneity. iIn icontrast, imethods ithat itrack 
ivariational iboundaries imake iuse iof iboth iintensity iand 
ispatial iinformation. iTherefore, ia isubclass ihas ito ibe 
ihomogeneous iand ienclosed iin ia ispecific ivariational 
iboundary. iWhen iapplied ito ioil ispill iimage 
isegmentation, ineither iof ithem iis iuniversally irobust idue 
ito iintrinsic inoise iand iartifacts i[7–11]. I 

In ithis ipaper, iwe ipropose ia ikernel ifuzzy iclustering 
iwith iadaptive ilevel iset ialgorithm ifor ioil ispill iimage 
isegmentation. I 
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The inew ialgorithm iis isignificantly iimproved iin ithe 
ifollowing iaspects. iFirstly, ikernel ifuzzy iclustering 
iincorporates ispatial iinformation iduring ian iadaptive 
ioptimization,iwhich ieliminates ithe iintermediate 
imorphological ioperations. iSecondly, ithe icontrolling 
iparameters iof iadaptive ilevel iset isegmentation iare inow 
iderived ifrom ithe iresults iof ikernel ifuzzy iclustering 
idirectly.  

iThirdly, ia inew istrategy, idirected iby ikernel ifuzzy 
iclustering, iis iproposed ito iregularize iadaptive ilevel iset 
ievolution, iwhich iis idifferent ifrom iother imethods. 
iFinally, iwe ialso iverified ithe ikernel ifuzzy iadaptive ilevel 
iset ialgorithm ion ioil ispill iimages. 

Spillage iof ioil ieither iin ioceans iby iillegal idischarges 
ifrom iships imay ishows iadverse ieffects ion ithe inatural 
iresources, imarine ienvironment iand ithe ieconomic ihealth 
iof ithe iarea iat istake. iThus, ithere ishould ibe ian 
ioperational iprocess ito idetect, itrack, iand imonitor ioil 
ispills iand ito ipredict itheir idrift. iSynthetic iAperture 
iRadar i(SAR) iis ithe imost iefficient isatellite isensor ifor 
ioil ispill imonitoring iof ithe iworld’s ioceans. i 
 iThe idark iareas iin ithe iSAR iimages iare ithe iareas 
iindicating ioil ispills ibecause ithe ioil idampens ithe 
icapillary iwaves ion ithe isea isurface. iThe ipresence iof ithe 
iglitter iinduces ispeckle iin iSAR iis inot ionly ireduces ithe 
iinterpreter’s iability ito iresolve ifine idetail, ibut ialso 
imakes iautomatic isegmentation iof isuch iimages idifficult. 
iSegmentation iof isuch iimages iusing iconventional ilevel 
iset imethods imakes ithe iprocess icumbersome iand imay 
ilead ito iimproper iresults. iIn ithis ipaper iwe iconsidered 
isuch ikind iof iimages ias itest iimages ifor isegmentation 
iusing iAdaptive ilevel iset imethod iwith iSpatial iKFCM 
iclustering. 
This ipaper iwill ibe iorganized ias ifollows. iSection iII iwill 
igive iinformation iregarding ispatial ikernel ifuzzy 
iclustering iSection iIII iis iabout iAdaptive ilevelset 
ibackground iie iPrevious iwork idone iby iC-V imodel. 
iSection iIV igives ithe idetailed iinformation iabout iour 
iproposed ialgorithm. iIn isection iV iexperimental iresults 
iand idiscussion and finally section VI depicts the conclusion 
of this research work iare igiven below. 

II.  ISPATIAL KFCM CLUSTERING 

A. Introduction 

In ifuzzy iclustering, ithe icentroid iand ithe iscope iof ieach 

isubclass iare iestimated iadaptively iin iorder ito iminimize ia 

ipre-defined icost ifunction i.It iis ihere iby iappropriate ito itake 

ifuzzy iclustering ias ia ikind iof iadaptive ithresholding. iKernel 

iFuzzy iC imeans i(KFCM) iis ione iof ithe imost ipopular 

ialgorithms iin ifuzzy iclustering, iand ihas ibeen iwidely iapplied 

ito imedical iproblems i[12-16]. 

 i i i i i i iThe iclassical iFCM iand iKFCM ialgorithms ioriginate 

ifrom ithe ik-means ialgorithm iseeks ito iassign iN iobjects, ibased 

ion itheir iattributes, iinto ik iclusters i(K≤N). iFor imedical iimage 

isegmentation, iN iequals ithe inumber iof iimage ipixels iNx ix iNy. 

iThe idesired iresults iinclude ithe icentroid iof ieach icluster iand 

ithe iaffiliations iof iN iobjects. iStandard ik-means iclustering 

iattempts ito iminimize ithe icost ifunction 
2
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Where i ni is ithe ispecific iimage ipixel, i mv  iis ithe icentroid iof 

ithe imth icluster iand i .  idenotes ithe inorm. iThe iideal iresults 

iof ik-means ialgorithm imaximize ithe iinter-cluster ivariations, 

ibut iminimize ithe iintra i–cluster iones. 
 i i i i i i iIn ik-means iclustering, ievery iobject iis ilimited ito ione iand 

ionly ione iof ik iclusters. iIn icontrast, ian iFCM iutilizes ia 

imembership ifunction i mn to iindicate ithe idegree iof 

imembership iof ithe inth iobject ito ithe imth icluster, iwhich iis 

ijustifiable ifor imedical iimage isegmentation ias iphysiological 

itissues iare iusually inot ihomogeneous. iThe icost ifunction iin ian 

iKFCM iis isimilar ito ieq. i(1) 
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Here iwe inow iutilize ithe iGaussian ikernel ifunction ifor 

istraight iforwardness. iIf iwe iuse iadditional ikernel ifunctions, 

ithere iwill ibe icorresponding imodifications iin iEq. i(3) iand i(4) 
In ifact, iWe ican ibe ianalyzed ias ikernel-induced inew imetric iin 

ithe idata ispace, iwhich iis idefined ias ithe ifollowing 
 

        yxKyxyxd ,12,   …….. i(5) 

And iit ican ibe iproven ithat  yxd , is idefined iin iEq. i(5) iis ia 

imetric iin ithe ioriginal ispace iin icase ithat i  yxK , takes ias ithe 

iGaussian ikernel ifunction. ithe idata ipoint i kx  iis icapable iwith 

ian iadditional iweight i  ik vxK , , iwhich imeasures ithe 

isimilarity ibetween kx and i iv and iwhen i kx is ian ioutlier ii.e., 

i kx  iis ifar ifrom ithe iother idata ipoints, ithen  ik vxK , will ibe 

ivery ismall, iso ithe iweighted isum iof idata ipoints ishall ibe imore 

istrong. 
The ifull iexplanation iof iKFCM ialgorithm iis ias 

ifollows: 
 

B. KFCM iAlgorithm: 

Step i1: iSelect iinitial iclass iprototype 
1

c

i i
v


. 

Step i2: iUpdate iall imemberships iku with iEq. i(3). 

Step i3: iObtain ithe iprototype iof iclusters iin ithe iforms iof 

iweighted iaverage iwith iEq. i(12). i 
Step i4: iRepeat istep i2-3 itill itermination. iThe itermination 

icriterion iis i new oldV V   . 

Where i i .  iis ithe iEuclidean inorm.  
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iV is ithe ivector iof i icluster i icenters i i  iis ia ismall inumber ithat 

ican ibe iset iby iuser i(here i =0.01). 
Where il(>1) iis ia iparameter icontrolling ithe ifuzziness iof ithe 

iresultant isegmentation. iThe imembership ifunctions iare 

isubjected ito ithe ifollowing iconstraints: 

1 1
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C N

ik ik ik
m n

  
 

     …………….. i(6) 

The imembership ifunctions i ik and ithe icentroids i iv are 

iupdated iiteratively. 
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The istandard iFCM iand iKFCM ialgorithms iis ioptimized iwhen 

ipixels iclose ito itheir icentroid iare iassigned ihigh imembership 

ivalues, iwhile ithose ithat iare ifar iaway iare iassigned ilow 

ivalues. 
One iof ithe iproblems iof istandard iFCM iand iKFCM 

ialgorithms iin iimage isegmentation iis ithe ilack iof ispatial 

iinformation i[21, i22].Since iimage inoise iand iartifacts ioften 

iimpair ithe iperformance iof iFCM isegmentation, iit iwould ibe 

iattractive ito iincorporate ispatial iinformation iinto ian iKFCM. 

iCai iet ial. i[5] iproposed ia igeneralized iKFCM ialgorithm ithat 

iadopts isimilarity ifactor ito iincorporate ilocal iintensity iand 

ispatial iinformation. iIn icontrast ito ithe iabove ipreparatory 

iweighting, iit iis ialso ipossible ito iutilize imorphological 

ioperations ito iapply ispatial irestrictions iat ithe ipost-processing 

istage i[9]. 

C. Incorporating iSpatial iInformation iin iKFCM 

iClustering 

Chuang iet ial. i[17] iproposed ianother ispatial iKFCM ialgorithm 

iin iwhich ispatial iinformation ican ibe iincorporated iinto ifuzzy 

imember- iship ifunctions idirectly iusing 
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Where ip iand iq iare itwo iparameters icontrolling ithe irespective 

icontribution. iThe ivariable i ikh includes ispatial iinformation 

iby i 

n

ik ik
k N

h 


  ………………………………….…(10) 

Where i nN denotes ia ilocal iwindow icentered ion ithe iimage 

ipixel in. iThe iweighted i ik are ithe icentroid i iv are iupdated ias 

iusual iaccording ito ieqs. i(4) iand i(5). 

III. LITERATURE ON LEVEL SETS 

The ilevel iset imethod iwas iinitiated iby iDervieux iand 

iThomasset i[11][12] iin ithe ilate i1970s, ibut itheir iwork idid inot 

idraw imuch iattention. iLater iin i1987 iOsher iand iSethian i[10], 

icame iup iwith ithe iidea iof itracking imoving iinterfaces iwhich 

ibecame iwell iknown iand ihad ian iimpact iin ivarious idomains 

isuch ias icomputational igeometry, ifluid idynamics, iimage 

iprocessing iand icomputer ivision. iIt ican ibe iused iefficiently ito 

iaddress ithe iproblem iof icurve ior isurface ipropagation iin ian 

iimplicit imanner. iThe icentral iidea iis irepresent ithe ievolving 

icontour iusing ia isigned ifunction, iwhere iits izero ilevel 

icorresponds ito ithe iactual icontour. iThen, iaccording ito ithe 

imotion iequation iof ithe icontour, ione ican ieasily iderive ia 

isimilar iflow ifor ithe iimplicit isurface iwhen iapplied ito ithe izero 

ilevel iset. iThe ibasic iand imost iversatile ilevel iset imodels iare 

irepresented iin iproceeding itopics 

Chan iVese i(C-V) imodel i 

Chan iand iVese ipresented imodel ia ispecial icase iof 

iMumford-Shah ifunctional. iLet iI ibe ithe igiven iimage iwith ic1 

iand ic2 ithe imean iintensities iinside iand ioutside ithe icontour 

irespectively. iFor ia igiven iimage iI(x,y) iin ithe idomain iΩ. iLet iC 

ibe ithe ievolving icurve iin iΩ idriven iby ithe iinward iand ioutward 

iforces iacting iwith ireference ito iobject ias ishown iin ifigure i1. 

iThe ilevel iset ifunction i   iwill ihave ithe ivalue igreater ithan 

izero iinside ithe icurve, iless ithan izero iwhen iit iis ioutside iand iit 

iis izero ion ithe icurve iC. 
 
 
 
 
 
 
 
 
 
 

Figure.1 iCurve’ iC’ ipropagating iin idirections ias 

irepresented iwith iarrows 
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The iC-V imodel iis iformulated iby iminimizing ienergy 

ifunctional iand iby iadding isome iregularizing iterms iis ias 

ifollows. 
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C iis ithe ievolving icurve iand ican ibe irepresented ias . iKeeping 

i fixed iand iminimizing ithe ienergy i 1 2( , , )E c c   iwith irespect 

ito ithe iconstants ic1 iand ic2, iit iis ieasy ito iexpress ithese 

iconstants ias ithe ifunction iof i i  i iby i i i 
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Where i ( )H  the iHeaviside ifunction iis iis igiven ias i 

1, 0
( )

0, 0

if
H

if







 


 

Heaviside ifunction i ( )H   iis igreater ithan izero ithen ithe 

icurve ihas inonempty iinterior iin iΩ iand i 1 ( )H  is igreater 

ithan izero ifor ithe icurve inonempty iexterior iin iΩ. iBy iincluding 

ithe ilength iand iarea ienergy iterms iin ithe iEq. i6 iand isolving ifor 

iminimizing ithem ithe icorresponding ivariational ilevel iset 

iformulation iis i 

   
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(13) 

 i iWhere i 1 2, ,    iand iv iare ifixed iparameters isuch ithat 

i 1 2, 0    iand , 0v  . iAnd  , iv iare iused ifor icontrolling 

ithe ismoothness iof izero ilevel iset iand iincreasing ithe 

ipropagation ispeed irespectively. i 
 is igradient ioperator iand i ( )   iis ithe iDirac ifunction igiven 

ias 

( ) ( )
d

H
d

  


  

IV. PROPOSED SPATIAL KFCM WITH LEVEL SET 

Both iSpatial iKFCM ialgorithm iand iadaptive ilevel iset 

iapproach ithat ican ibe iapplied ito iproblems iof iany idimension. 

iHowever, iif iwe iconstrain ithem ito isatellite images iit iis 

ipossible ito itake iadvantage iof ithe ispecific icircumstances ifor 

ibetter iperformance. I 

The iproposed inew iversion ikernel ifuzzy iclustering iwith 

iadaptive ilevel iset iapproach iis ithere iby iproposed ifor ian 

iautomated imedical iimage isegmentation.. iIt ibegins iwith 

ispatial ikernel ifuzzy iclustering, iwhose iresults iare iutilized ito 

iinitiate iadaptive ilevel iset isegmentation, iestimate icontrolling 

iparameters iand iregularize ilevel iset ievolution The inew 

iversion ikernel ifuzzy iadaptive ilevel iset iapproach iautomates 

ithe iinitialization iand iparameter iconfiguration iof ithe ilevel iset 

isegmentation, iusing ispatial ifuzzy iclustering. iIt iemploys ian 

iKFCM iwith ispatial irestrictions ito idetermine ithe iapproximate 

icontours iof iinterest iin ia iimage. iThe ienhanced iadaptive ilevel 

iset ifunction ican iaccommodate iKFCM iresults idirectly ifor 

ievolution[18-21]. 

Suppose ithe icomponent iof iinterest iin ian iKFCM iresults iis 

i :{ , *k k ik yR r n X N y    

 iIt iis ithen iconvenient ito iinitiate ithe ilevel iset ifunction ias i 

0 ( , ) 4 (0.5 )kx y B    ………………….(14) 

Where i i   iis ia iconstant iregulating ithe iDirac ifunction 

i[17,23]. iThe iDirac ifunction iis ithen idefined ias ifollows: 

,
1

[1 cos( / )],
2

( ) o x

x x
x 


  






 

 
  
 

………………...…. i(15) 

Bk iis ia ibinary iimage iobtained ifrom 

0k kB R b  ………………………………………… i(16) 

Where 0 ( (0,1))b 
is ian iadjustable ithreshold iBenefitted 

ifrom ispatial ifuzzy iclustering, iBk ican iin isome isense 
iapproximate ithe icomponent iof iinterest, iwhich ican ibe 
ireadily iadjusted iby ib0. 
It iis iattractive ito idetermine ithese icontrolling iparameters 
iadaptively ifor ithe ispecific imedical iimage. iGiven ithe 
iinitial ilevel iset ifunction if0 ifrom ispatial ikernel ifuzzy 
iclustering ias iin iEq.(19),it iis iconvenient ito iestimate ithe 

ilength i l  iand ithe iarea i  iby 

0

1

( )l dxdy   …………………………………. i(17) 

0

1

( )H dxdy   ……………………………….. i(18) 

Where ithe iHeaviside ifunction iH i( 0 ) iis i 

 0

0

1, 0
0 0, 0( )H 

 

 ………………………. i(19) 

We iobserve ithat ilevel iset ievolution iwill ibe ifaster iif ithe 

icomponent iof iinterest iis ilarge. iIn ithis icase, ithe iratio 
/ l  …………………………………………..... i(20) 

will ialso ibe ilarge. iIt iis ithere iby ireasonable ito iassign ithe i 
time istep i   ias i  in ithe iproposed ispecial ikernel ifuzzy 

iadaptive ilevelset ialgorithm. iThe ipenalty icoefficient i   iwill 

ibe iset ias 
0.2 /  ………………………………………(21) 

The inew ispecial ikernel ifuzzy ilevelset ialgorithm itakes ithe 

idegree iof imember- iship iof ieach iimage ipixel i k as ithe 

idistance ito ithe ispecific icomponent iof iinterest iRk. iAn 

ienhanced iballoon iforce iis iproposed ihere ito ipull ior ipush ithe 

idynamic iinterface iadaptively itowards ithe iobject iof iinterest: 

( ) 1 2k kG R R  ………………………………….(22) 

The iresultant iballoon iforce i ( )( [ 1,1])kG R   is ia imatrix 

iwith ia ivariable ipulling ior ipushing iforce iat ieach iimage ipixel. 

iIn iother iwords, ithe ilevelset ifunction iwill ibe iattracted 

itowards ithe iobject iof iinterest iregardless iits iinitial iposition. 

iThen, ithe ievolutionary iequation i(Eq.(15)) iis itransformed 

iinto i 

( , ) ( ) ( )kg div g gG R


   



 


……..(23) 

V. SIMULATION RESULTS AND DISCUSION 

The iexperiments iand iperformance ievaluation iwere icarried 

ion ioil ispill iimages ifrom idifferent imodalities. iThe iproposed 

imethod ispatial iKFCM iwith iadaptive ilevel iset isegmentation 

iwas iimplemented iwith iMATLAB i2019b. 
The iexperimental iresults iwere iobtained iby ioil ispill iimages 

ifor isegmentation iusing ispatial ikernel ifuzzy iclustering 

ialgorithm.  
From figures 1 to 5 and figures 6 to 10 ishows ithe simulation 
results on Image 1 and 2 respectively iusing iSKFCM 

iclustering imethod, iassuming ithe iinput iindex inumber iis i2, 

iafter iit ishows ithe itwo itypes iof iclustering isegmented iimages 

iwith i200 iiterations. 
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Simulation iresults ion iImage i1: 

Original Image Index No: 1 Index No: 2

 

Figure i(1): iSpatial iKFCM iclustering iwith iassuming 
iindex inumber i2 i(a) iOriginal iOil ispill iimage i(b) 
iFirst iclustering iindex ino.1 i(c) iSecond iclustering 

iindex inumber i2 i previous method
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Figure 2.Previous iMethod i(CV imodel) ifor i200 iiterations, 

ired icolor iindicates ithe ifinal isegmentation. 
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Figure i3.Segmented iregions iof iOil ispill iimage ifor 

iprevious imethod i(CV iModel). Magenta: Initial; red: Final after 200 iterations

Proposed Method

50 100 150 200 250

20

40

60

80

100

120

140

160

180

200  
Figure i4. Proposed iMethod ifor i200 iiterations i(magenta 

iindicates ithe iinitial isegmentation, ired icolor iindicates ithe 

ifinal iadaptive ilevel iset isegmentation 

Figure i5. Segmented iregions iof iOil ispill iimage ifor 

iproposed imethod. 
Simulation iResults ion iImage i2: 

 
 
 

Original Oilspill image Index No: 1 Index No: 2

 
Figure i6. Spatial iKFCM iclustering iwith iassuming iindex 

inumber i2 i(a) iOriginal iOil ispill iimage i(b) iFirst iclustering 

iindex ino.1 i(c) iSecond iclustering iindex inumber i2 
 previous method
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Figure i7. Previous iMethod ifor i200 iiterations, ired icolor 

iindicates ithe ifinal isegmentation i(CV iModel) 
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Figure i8. Segmented iregions iof iOil ispill iimage ifor 

iprevious imethod i(CV iModel). 
 Magenta: Initial; red: Final after 200 iterations

Proposed Method

50 100 150 200 250 300 350 400 450 500

50

100

150

200

250

300

350

400

450

500

550

 
Figure i9. iProposed iMethod ifor i200 iiterations i(magenta 

iindicates ithe iinitial isegmentation, ired icolor iindicates ithe 

ifinal iadaptive ilevel iset isegmentation 
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Figure i10.Segmented iregions iof iOil ispill iimage ifor 

iproposed i 
 

Table iI: iPerformance itable iof iexisting iC-V iModel 
Images Previous imethod 

(CV iModel) 

Computationa
l itime 

Iterations PSNR(dB) 

Index i1 Index i2 

Image i1 10.78sec 200 0.869 0.866 

Image i2 12.68sec 200 3.246 3.129 

 

Table iII: iComparative ianalysis iof iproposed imethod 
Images Proposed iMethod i 

(SKFCM iwith iadaptive ilevel iset) 

Computationa
l itime 

Iterations PSNR(dB) 

Index i1 Index i2 

Image i1 8.06sec 200 4.8469 4.8771 

Image i2 9.86sec 200 6.3473 6.4239 

VI. CONCLUSION 

In this paper, we proposed a novel approach called Spatial 
KFCM with Level Set Evolution for robust and automatic 
segmentation of oil spills regions. 

This image segmentation model has been successfully 
implemented on the images of NASA earth observatory 
Images, which are available   open source dataset and results 
reveal the less computational time, speed and accuracy of 
convergence by re-initialization free level set method. The 
sample images of Oil spills under consideration appear as 
consisting of regions with homogeneous intensities appearing 
as a blend of dark areas.  

The adaptive level set evolution process based on the 
SKFCM clustering performed and gives the good 
segmentation results leading to the identification of the 
regions indicating spillage with great accuracy and 
profoundness leading over existing active contour model. 
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