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Abstract: The icomplications ithat ioccurred iin iremote 

isensing iimage iinformation iand ianalysis ialgorithms igrowth 

iof ia ilarge iscale iimage isegmentation ihaven't ikept ia iplace 

iwith ithe irequirement ifor ithe imethods iwhich ito idevelop ithe 

ifinal iaccuracy iof iobject idetection ias iwell ias ithe irecognition. 

iTraditional iLevel iset isegmentation imethods iwhich iare 

iChan-Vese i(CV), iImage iand iVision iComputing i(IVC) i2010, 

iACM iwith iSBGFRLS, iand iOnline iRegion-Based iACM 

i(ORACM) iare isuffered ifrom imore iamounts iof itime 

icomplexity, ias iwell ias ilow isegmentation iaccuracy idue ito 

ilarge iintensity ihomogeneities iand ithe inoise iat iwhich ithe 

iregion ibased isegmentation iis iimpossible. iSo ithis iis ithe 

ireason, iwe iproposed ia inavel ihybrid imethodology icalled 

iadaptive iparticle iswarm ioptimization i(PSO) ibased iFuzzy 

iK-Means iclustering ialgorithm. iThe iproposed iapproach iis 

idiversified iinto itwo istages; iin istage ione, ipre-processing ithe 

iinput iimage ito iimprove ithe iclustering iefficiency iand 

iovercome ithe iobstacles ipresent iin itraditional imethods iby 

iusing iparticle iswarm ioptimization i(PSO) iand iAdaptive 

iFuzzy iK-means iclustering ialgorithm. iWith ithe ihelp iof ithe 

iPSO ialgorithm, iwe iget ithe i"optimum" ipixels ivalues iare 

iextracted ifrom ithe iinput iSAR iimages, ithese ioptimum ivalues 

iare iautomatically iacted ias iclusters icenters ifor iAdaptive 

iFuzzy iK-Means iClustering iinstead iof irandom iinitialization 

ifrom ithe ioriginal iimage. iThe ipre-processing isegmentation 

iresult iimproved ithe iclustering iefficiency ibut isuffers ifrom 

ifew idrawbacks isuch ias iboundary ileakages iand ioutliers ieven 

iparticle iSwarm ioptimization iis iused. iTo iovercome ithe iabove 

idrawbacks ipost-processing iis ineeded ito ifacilitate ithe 

isuperior isegmentation iresults iwith ithe ihelp iof ithe ilevel iset 

imethod. iIt iutilizes ian iefficient icurve ideformation idriven iby 

iexternal iand iinternal iforces ito icapture ithe iimportant 

istructures i(usual iedges) iin ian iimage. iThe icombined 

iapproach iof iboth ipre-processing iand ipost-processing iwhich 

iis icalled iParticle iSwarm iOptimization ibased iAdaptive 

iFuzzy-K-Means i(AFKM) iclustering ivia ithe ilevel iset imethod. 

iThe iproposed iapproach iis isuccessfully iimplemented ion ilarge 

iscale iremote isensing iimagery iand ithe idataset iare itaken 

ifrom ithe iopen-source iNASA iearth iobservatory idatabase ifor 

isegmenting ithe ioil islicker icreeps, ioil islicker iregions, 

ityphoon, isoulnik iand ithe iGulf iof iAlaska, ietc. iSo ihere iin 

ithis, ithe iproposed inew imethod ihad ifeasibility iand iefficiency 

iwhich icould iattain ithe ihigh iaccurate isegmentation iresults 
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I. INTRODUCTION 

Study iand ianalysis iof iearth iobservation iimages ilike ioil 

ispills, icyclones, ifire iand istill imore.is ione iof ithe imajor itasks 

iwere iit iconsists iof isegmentation iof ian iimage, ienhancement, 

iand irepresentation, ietc. iSo ihere, ithe iwork iis idone ion ithe 

isegmentation iof ioil islicker icreeps iimage, ityphoon isoulik 

iimage, ioil islick iImage iand iGulf iof iAlaska iimage iwhich iwere 

itaken ifrom ithe iNASA iearth iobservatory idatabase. i 

iAttainingithe idata iabout ian iobject iwithout iconsidering ithe 

iphysical iinformation iof ian iobject iand ithus iin icontrast ito 

ionsite iobservation iwhich ihad ibeen idone ionly iby iremote 

isensing. iIn inumerous ifields, iremote isensing iis iutilized, ialong 

iwith ithe igeography, iland isurveying ias iwell ias iEarth iScience 

idisciplines. 

Depending ion ithe ipropagated isignals ilike 

iElectro-magnetic iradiation iat ipresent iremote isensing- iterm 

idenotes ithe iutilization iof itechnologies ilike isatellite 

idepending ion ithe isensor ito iclassify iand isense ithe iobjects ilike 

isurfaces, iatmosphere, iand ioceans ion iearth. iThe 

iclassifications iof iremote isensing iare iof itwo itypes. iThe 

iforemost ione iis ithe i"active iremote isensing", iwhere ithe isignal 

iis iemitted ithrough ithe isatellite ior ian iaircraft iwere ithe iobject 

ireflections iare idetected iby ia isensor. iThe inext itype iof iremote 

isensing iclassification iis i"passive iremote isensing" iat iwhich 

ithe isensor iis iused ito idetect ithe isunlight ireflection i[1-2]. 

Recently iin iimage isegmentation, ithe iapplications iof 

iremote isensing ialong iwith iobject idetection ias iwell ias iimage 

iclassification iwere iinvolved iin iresearch iprogress. iIn 

icomputer ivision iand iimage iprocessing i"Image 

iSegmentation" iplays ia ivital irole. iDuring ithe isegmentation iof 

iremote isensing iimages, ia igroup iof ipixels ithat irepresents 

isimilar iwill ibe iin ithe isame iregion iat ithe isame itime ithe 

idissimilar ipixels iare iin idifferent iregions. 

Among inumerous isegmentation istrategies, ifor ithe imost 

ipart, iwe igo iover iclustering ianalysis. iA ifew ichanged 

iclustering ialgorithms ihad iacquainted iand idemonstrated ito ibe 

iactive ifor iimage isegmentation. iIn iremote isensing iimages, 

iclustering iprecision ican ibe iexplicitly iupdated ior icreated iby 

ithe iprocedure iknown ias ia i"particle iswarm iadvancement 

iPSO" iwere ithe inoise ipresent iin iimages icould ilikewise ibe 

idiminished. iIn i1995, iPSO i[10] iwas ipresented iby ithe iRussell 

iEberhart ifurthermore iwith iJames iKennedy.  
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iOriginally, ithese itwo iwere istarted iemerging icomputer 

isimulation isoftware iof ibirds iflocking irunning iaround ithe 

inourishment isources, iat ithat ipoint iprior iappreciated ihow 

itheir ialgorithm iwill iget idealt iwith ioptimized iissues. iThe 

itechnique ican ibe iapplied ito ioptimized iissues iof ihuge 

imeasurements, iregularly idelivering iprominent iarrangements 

imore iquickly ithan ielective imethodologies iand iit ihas ia ilow 

iconvergence irate iin ian iiterative iprocedure. 

Mostly ithe isignificant idifficulties iin iimage ianalysis iare 

iimage isegmentation. iFor idifferent iapplications, inumerous 

isegmentation ialgorithms ihave ibeen ipresented iand icreated. 

iNow iand iagain iinadmissible ioutcomes ihave ibeen 

iexperienced, ifor iseveral iexisting isegmentation ialgorithms 

isuch ias ithresholding iregion igrowing iand iclustering 

itechniques. iHere iwe ipropose ia inew ikind iof iclustering 

imethodifor iefficient isegmentation iof iregions ipresent iin ilarge 

iscale iremote isensing iimages. iSo ithe iproposed imethod ii.e., 

iAdaptive iFuzzy iK-Means iclustering iwhich iimproves ithe 

iclustering iefficiency iat ithe isame itime iboundary ileakages 

iwhich iare ipresent iduring ithe iclustering iprocess. iTo 

iovercome ithe idifficulties iraised iduring ithe iclustering iprocess 

iwe ido iintroduce ia inew ilevel iset iformulation ifor iaccurate ias 

iwell ias irobust isegmentation and ialso ithe iboundary ileakages 

iare ireduced iby iLSF i[5-6].This ipaper ihad isystematized ias 

ifollows: iMaterials iand imethods iare idiscussed iin ichapter i2.A 

imodified iversion iof ithe ilevel iset imethod iare iproposed iin 

ichapter3. iA idetailed iexplanation iof ithe iexperimental iresults 

iis idiscussed iin ichapter i4. iFinally, iconclusions iare ipresented 

iin ichapter i5. 

II.  IMATERIALS IAND IMETHODS 

Based ion ithe iliterature ireview ion iexisting ilevel iset imethods 

isuch ias iIVC i2010, iChan-Vese i(C-V) imodel, iACM iwith 

iSBGFRLS, iORACM. iThese imethods isuffered ifrom ifew 

ilimitations isuch ias islow iand icomplex, iweak iedge ileaking 

iand ipoor isegmentation iresults iwith iillumination ichanges. 

iImproper iimage iacquisitions ilike iinadequate iillumination 

iconditions ican ialso ilead ito ipoor iimage isegmentation. 

iThough iGeodesic iACM iwas isuccessful iin igetting iimproved 

iimage isegmentation ifor ithe iimages iwhich iare ihaving isharp 

iedges, ithey ihave ithe ifollowing idrawbacks isuch ias iunstable 

ievolution, irequires iperiodic ire-initialization, iBalloon ior 

ipressure iforce icauses iboundary ileakage, islow ievolution idue 

ito ismaller itime istep. 

The iperformance iof iactive icontour imodels ican ibe iimproved 

ifurther iby iintroducing iselective iadditional ipre-processing 

itechniques isuch ias ione ipossible iway iis ithe icombined 

iapproach iintroduced ithat iis ifuzzy iC-means iand iK-Means 

iclustering ialgorithms itreated ias iAdaptive iFuzzy-K-Means 

i(FKM) iclustering iand ia inew ienergy ifunction idefined ifor 

ievolving ilevel isets iin ithe ipost-processing. iWith ithis, 

iaccurate iimage isegmentation iis ipossible ieven ifor ithe iimages 

icaptured iunder iany iillumination iconditions. iThe iproposed 

iwork ifocuses ion ideveloping iimproved iimage isegmentation 

imethod ibased ion ilevel isets iby iPre-processing ithe iimages ifor 

ibetter iresults iwith iexisting itechniques. iEmploying ia 

iClustering, ithe imethod iimage isegmentation iis ito isegregate 

ian iimage iinto ivarious iregions iwith ian iend igoal ithat ieach iarea 

iis ihomogeneous iby iusing ithe iclustering itechniques. iSo, ihere 

iin ithis, iwe iuse ia iclustering itechnique iwhich iis igiven ibelow 

i[4]: 

 

 Adaptive iFuzzy iK-means iClustering iAlgorithm 

i(AFKM) isection i2.2. 

2.1 Determining iOptimum iPixels iwith iPSO ialgorithm: 

In ithe iyear i1995 iKennedy ialong iwith iEberhart i[7] 

iremained icharged ito ihave ian iimprovement iin iPSO iby ithe 

iscavenging ibehavior iof igatherings iof ifowls ialongside 

ischools iof ia ifish. iEach iparticle ihas iits iarea ijust ias ivelocity, iat 

iwhich ia iquality iaddresses ithe ielements iof ia idecision iin ithe 

ipresent iaccentuation ialongside ithe iimprovement ivector ifor 

ithe iaccompanying icycle, iindependently. iA ivelocity 

imoreover ithe isituation iof ieach iparticle ias inecessities ibe 

iassortments ito ithe idata iwhich iis iparticipated iin ievery 

iparticle iin ithe ipresent icycle. iEvery iparticle ican irecord ithe 

iindividual iand iresuscitate ithrough icycles ior iby ifollowing ia 

isystem. iThe ioverall ibest-shared icharacteristic iwas idescribed 

iby itaking ia igander iat ithe iindividual ibest iacknowledgment iof 

ieverything ibeing iequal. iThe iinterest isystem iof iPSO 

iincorporates iseeing ithe inew ivelocity iremembering ithe 

iultimate iobjective ito ihave ifiguring iof ia iposition iwhich iis 

ianother iat ithe iaccompanying itechnique iaccording ito ithe 

ivelocity iwhich iis iremarkable iof ieach iparticle i-(Vi), ithe 

iindividual ibest icommonality iof ieach iparticle i-( (i)px ), iand 

ithe iworldwide ibest inature iof ieach iparticles-(
gx ). iThe ibasic 

iStep iis ito iinstate ithe iparticle iswarm iand ibesides iconsolidate 

iparticle ivelocity iand iposition iin ithe ispace ilooking. iA iwhile 

ilater, ifind iout ithe iwellbeing iof ithe iparticle iswarm ito irevive 

ithe iindividual ibest iacknowledgment iof ieach iparticle iand ialso 

ithe ioverall ibest inature iof ieach iparticle. iThe imost icrucial 

iplanning istep iis ito icalculate ithe inovel ivelocity ijust ias ithe 

iarea iof ieach iparticle iin ithe iaccompanying itechnique iby iusing 

ithe iconditions i(1) iand i(2). 

1 1 1 1 (id) 1 1

2 2 1 1

(t 1) w*v (t ) c (x (t ) x (t )

c r (x (t ) x (t )))

id id p id

g d id

v r    


 i(1) 

1(t )idv Represents ivelocity ivalue iof thd Dimension‟ iof i thi  

iparticle iin ian i tht  iiteration. 

Variable i idx (t1) irepresents ilocation iof i thd -dimension iif thi  

iparticle iin i tht - iiteration. 

Variable w  ishows iweight iof iinertia 

 i 1c is ifor iself-cognition iacceleration ico-efficient; 2c - 

isocial-cognition iacceleration ico-efficient. 

 i i i i i i i i i i i i i i i
1 1 1(t 1) x (t ) v (t 1)id id idx      i i i i i i i i i i i i i i i i i i i i i i(2) 

Equation i(2) ishows ia inew ilocation iof ieach iparticle iis 

irefreshed iusing ia ifirst iposition ialongside ithe inew ivelocity iby 

ia icondition i(1).At iwhich i
1r

 iand iadditionally i
2r

 iwere 

iproduced iindependently. iThe iscope iof iuniform iappropriated 

iarbitrary inumbers iare i(0, i1). iThe iflowchart iof ithe iPSO 

ialgorithm i[35] iclarified iin ithe ibelow ifigure. 
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Fig.1. iFlowchart irepresentation ifor iPSO ialgorithm 

2.2 iAdaptive iFuzzy iK-means iClustering iAlgorithm 

i(AFKM): 

In ithis imethod, iimage isegmentation iapplies ito igeneral 

iimages. iIt iis ibest isuited ifor imedical, iremote isensing ias iwell 

iasimicroscopic iimages ithat iare icaptured iby ithe ielectronic 

iproducts. iThis ialgorithm igives ibetter iquality iand ithe 

iadaptive iclustering iprocedure iwhen icompared iwith ithe iother 

iconventional imethods ior iclustering imethods i[40]. 

2.2.1 iAlgorithm iSteps ifor iFuzzy iK-means iClustering 

iAlgorithm 

 iFKM iclustering ialgorithm iincorporates iboth ithe iK-Means 

iand iFuzzy iC-Means iclustering ialgorithm. iThe 

iimplementation iof ithe iproposed imethod iis iexplained iby 

iconsidering ian iimage ithat iis ia idigital ione iwith iR*S ipixels 

i(the inumber iof irows iis idenoted iby iR iand inumber iof icolumns 

iis idenoted iby iS) iwhich ihad ito ibe iclustered iinto iNC iclusters. 

iConsider ian iassumed ipixel ip(x,y) iand icj ias ia ijth icenter. iFor 

iK-means idepending iupon ithe iEuclidean idistance, ia igroup iof 

ithe idata iwas iassigned ito ithe iclosest icenter. iEach iposition 

icenter iis icalculated iby ian iequation igiven ibelow 

1
(x, y)

j jj

j

x c y cc

c p
n  

   i i i i i i i i i i i i i i i i i i i i i i i i i i i(3) 

 

 i i iWhere,x=1,2,3,…………….,s;=1,2,3,…………,R; 

ij=1,2,3….,nc 

 

Similarly iin iFCM, iallocating ithe idata imember iconsecutively 

ito igreater ithan ione iclass ithis iprocess iis idepended ion ia 

imembership ifunction igiven ibelow. 

 

(x,y)

(x,y) 2/(m 1)

1 (x,y)

1
(x, y) ; 0, , (x, y)

( )
c

m

kpn
jp

k kp

M jp ifd j p
d

d





  



 i i i i i i i i i i i 

i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i 
 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(4) 

( , )

(x, y) 1

(x, y) 0; (x, y) k

0;

m

m

kp x y

M kp

M jp forp

ifd

 


 
 


 i i i i i i i i i i            i(5) 

From ithe iabove iequation ithe idistance ifrom ithe ipoint i(x, iy) ito 

ithe ipresent ij icluster icenter iis ( , )jp x yd
.The idistance ifrom ithe 

ipoint i(x, iy) ito ithe iother ik icluster icenters iis ( , )kp x yd
 i.Several 

icenters iare irepresented iby cn
.Integer iis im: im>1 idetermines 

idegree iof ia ifuzziness. i 

 In iproposed imethod iAFKM ialgorithm, iat icertain iesteem 

iall icenters iwere iinitialized. iSo ito iensure ia ibetter iclustering 

imethod iequation i(3) iwill ibe ino imore ito iupdate ithe icenter. 

iHence idue ito ithis, iwe iutilize ithe ifuzziness iand iits ibelonging 

iconcepts iin ithe iproposed imethod. iSo ihere iin ithis, ia 

imembership ifunction i
(x, y)mM jp

 iis idetermined iwith ithe 

ihelp iof iequation i(4&5).To iattain ia igood iprocess iof 

iclustering isome ichanges iwere idid iin iAFKM ialgorithm. iThe 

idegree iof ibelongingness jB
 iis icalculated ifor ievery icluster 

iafter ispecifying ithe imembership ito iall ithe iindividual idata. 

iWhen ithe idegree iof ibelongingness iis ihigher, ithen iit ishows ia 

istrong irelationship ibetween ithe icenter iand iits‟ imembers iat 

iwhich iit iensures ian iimproved iclustering idata. iThe idegree iof 

ibelongingness iequation iis ias ibelow: 

 i i i i i i i i i i i i i i i
(x,y)

j

j m

jp

c
B

M
  i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(6) 

To iprogress ithe iclustering imethod, iwe ineed ito iupdate ithe 

idegree iof ithe imembership ifunction. iThe iesteem iof 

i
(x,y)

m

jpM
 iis imodified iin ian iiteration iaccordingly ias 

 
'

(x,y) (x,y) (x,y)(M )m m m

jp jp jpM M  
 i i i i i i i i i i i i i i i i i i i i i i i i(7) 

 

At iwhich, i

'

(x,y)(M )m

jp
 iRepresents ia inew 

imembership. (x,y)

m

jpM
is idefined ias: 

 

 i i i i i i i i i i i i i i i i i i i
(x,y) (c )(e )m

jp j jM  
 i i i i i i i i i i i i i i i i i i i i i i(8) 

 -is ia iconstant idesigned iwith ia ivalue ibetween i0 iand i1.
e j

 

iValue iis icalculated iby iusing ian iequation 

 i i i i i i i i i i i i i i i i i i i i i i i i

jj je B B


 
 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(9) 

jB


Degree iof ibelongingness irepresentation. 

Lastly, ithe inovel icenter ipositions iof itotal icurrent iclusters iare 

icalculated idepending ion ioptimized ior inovel imembership 

ifunction ias 

 i i i i i i i i i i i i i i 

i
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'

(x,y)

'

(x,y)

(M ) (x, y)

(M )

j j

j j

m

jp

x c y c

j m

jp

x c y c

p

c
 

 






 i i i i i i i i i i i i i i i i(10) 

The iprocess iis irepeated iuntil ithe ivalues iof iall ithe icenters iare 

ino ilonger idiscrepancy. 

III.  IPROPOSED IMETHOD 

The iproposed imethod idiversified iinto itwo istages, iwhich iis 

icalled ipre-processing iand ipost-processing ian iinput iimage. 

iSo ihere, iin ithe ipre-processing iby iusing ia inew ihybrid 

iapproach iof iconventional iclustering iis iproposed, iwhich iis 

icalled iAdaptive iFuzzy-K-Means i(AFKM) iclustering ifor 

iimproves ithe iclustering iefficiency. iThe idetailed idescription 

iof ipre-processing iis idiscussed iin isection i3. iIn ithe ilater istage, 

iwhich iis icalled iPost-processing iby iusing ithe iadaptive ilevel 

iSet imethod, iit iis inecessary ito iremove ithe ioutliers, iboundary 

ileakages, iand ito iget ithe ismoothed isegmentation iimage. iA 

ibrief iexplanation iand imathematical iimplementation ito ilevel 

iset iin ithe ibelow isection i4.1 

3.1 iImplementation ito iFast iLevel iSet iApproach 

In ipost-processing iwe iuse ithe ilevel iset imethod, ito iovercome 

ithe iobstacles iwhich iare ipresent iin ithe ipre-processing. iIt iis 

inecessary ito iinitialize ithe icontour ion iAFKM iclustered iimage 

iinstead iof ithe ioriginal iinput iimage. iIn itraditional ilevel iset 

imethods, iwith ithe ihelp iof itwo icomponents iwhich iare icalled 

idata iterm ias iwell ias iregularization iterm, icurve ievolution iis 

icontrolled i[17]. iData iterm iattracts ia icurve itowards ithe 

iboundary iat ithe isame itime ithe isecond ione iis ito iregulate ithe 

iregularity iof ia icurve. iNow, ilet ius idiscuss ifirst ithe ialgorithm 

iwhich ihad ibeen iproposediwith ia iproposed idata iterm ilater ithe 

iimplementation iof ithe iproposed ialgorithm ihad ibeen 

ielaborated. 

The iChan-Vese i(C-V) iEnergy ifunctional i 1 2(c ',c ',c)F
 iis 

idefined ias ibelow: 
2

1 2 1 1

(c)

2

2 2

(c)

(c ', c ', c) .Length(c) '

'

fkm

inside

fkm

outside

F I c

I c dxdy

 



  

 




 i i i 

i(11) 

Length(c): ilength iof ithe icurve iC, iit itreats ias ia iregularizing 

iterm iin iorder ito ihave ia ismooth ievolving ilevel icurve. iThe 

iparameters iμ i≥ i0, iλ1, iλ2 i> i0 irepresent ithe iweighting 

ico-efficient ito icontrol ithe ilevel iset icurve. iThe imean 

iintensities ic1‟ iand ic2 iof ian iimage-Ifkm, iwhich ievolve ithe 

icurve iinside ias iwell ias ithe ioutside iin ian iimage. i iThe iLSM 

ienergy ifunction idefined iin ieq.(11) iis i ishown ibelow: 

2 2

1 1 2 2( )[ .div( / ) (I c ') (I c ') ]Afkm Afkm
t




      


      


 i i 

i(12) 

From ithe iabove iequation i(12) iwe isay ithat, iLevel iset ifunction 

iφ, iis idesigned ibased ion i„signed idistance ifunction‟ i(SDF), 

iDirac idelta ifunction iδε i(φ), iArtificial itime„t‟, iLevel imean 

icurvature iis idiv i(∇φ/|∇φ|),μ*div i(∇φ/|∇φ|) iδε i(φ) i- imean 

icurvature-based iregularization iterm iwhich iare iattained iby 

iminimizing ia ifunction iμ i ・  iLength(c) iin ian iabove. 

iChan-Vese i(CV) imodel ihad ibecome ipopular iin ithe 

iprocessing iof iremote-sensing iimages. iFrom iequation i(12) 

iwe ihave ifive iconstraints, i(ε, iμ, iλ1, iλ2, iΔt) ineed ito ibe ituned 

ibefore iit ican ibe iused ieffectively. iIn i[18-22] ithe imethods 

iwith ifewer iconstraints iare iadvantageous. iAccordingly, iwe 

iintend ito isimplify ithe ifew iconstraints iin ithe iCV iprototype. 

iLet iwe iconsider iμ i= i0; iλ1 i= iλ2 i= iλ iand ithen ithe iequation 

i(12) icould ibe ire-written ias ibelow: 

 

1 2 1 2( )[ (c ' c ')(2I c ' c ')]Afkm
t




  


   


 i i i i i i i i i i i i(13) 

In ian iequation i(13) ithe ioptimal iof ia itime istep ifor ithe 

inumerical isystem ihad ito ifulfill ithe iCourant–Friedrichs 

i–Lewy icondition ii.e., itime istep ineeds ito ibe ia iminute. iBy 

iallocating iμ i= i0 iwe icould idiscard ithe imean icurvature-based 

iregularization iterm, ithus iallowing ithe iutilization iof irelatively 

ilarge itime isteps ito iexpedite ithe iproposed imethod. iAlso, iit iis 

ireasonable ito ihave iλ i=λ1 i=λ2 iwhy ibecause iwe ihad iassumed 

ithat, iboundaries iin ibetween ithe iobject ias iwell ias ithe 

ibackground iregions iare iclear i[23-28]. 

In i

' ' ' '

1 2 1 2(c c )(2 I c c )Afkm  
from iequation i(13) iright-hand 

iside irepresents ithe ireal ieffective ipart i.The idata iterm 

i

' '

1 2(2 I c c )Afkm 
was ithe isign ithat ican ibe iutilized ito 

iregulate ithe idirection iof ia ipropagating ilevel icurve. 

i

' '

1 2(c c )
the iterm icould ibe ieliminated idue ito ithe 

iinsignificant icontribution. iBesides iit iis ifeasible ito isubstitute 

iδε i(φ) iwith i|∇φ|. iDepending ion iall ithese iprocedures, ithe 

ifollowing iwere ivery imuch isimpler iregion-based ilevel iset 

iformula iwhich icould ibe iachieved ias: 

' '

1 2(2I c c )Afkm
t


 


   


 i i i i i i i i i i i              i i i i(14) 

In ian iequation i(42), ia ilarger iesteem iof ia iλ icould 

iexpedite ia ilevel icurve ievolution. iTo idecrease ithe inumber iof 

iconstraints iwe iincrease, ithis iprototype iby iutilizing ia ilarger 

itime istep i„Δt‟ iinstead iof ilarger i„λ‟. iTherefore, iwe iremove ithe 

i„λ‟ idirectly iin ithe iequation i(14). i 

The idefinition iof i

' '

1 2c andc
is isame ias iin ithe 

iequation i(12). iTo iattain ithe istable iresults, iwe istandardize ithe 

idata iterm

' '

1 2(2 I c c )Afkm 
so, ithe iproposed iformula ican ibe 

iwritten ias ibelow i[39]: 

 i i i i i i i i

' '

1 2

' '

1 2

2I c c

max( 2I c c )

Afkm

Afkm
t




 
 

  
 i i i i i i i i i i i i i(15) 

Here i

' '

1 2c andc
 iare ithe imean iintensities, iwhich iis idefined ias 

ithe ifollowing 

i

 

 

 

 

'

1

'

2

( , ). ( )
(16)

( )

( , ). 1 ( )
(17)

1 ( )

Afkm
Domain

inside

Afkm
Domain

outside

I x y H dxdy
c

H dxdy

I x y H dxdy
c

H dxdy
































 

Equations i(14) iand i(15) iare ithe ifinal ilevel iset iequations, i 
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which iis iutilized ionly ione iparameter ithat iis itime istep i„Δt‟, 

iwhich igives ifaster icurve ievolution ion iadaptive 

iFuzzy-K-Means iclustered iimages. iThe iproposed ifast ilevel 

iset imethod iis iwell isuitable ifor ithe iaccurate iand irobust 

isegmentation iof ioil islicker icreeps iimage, ityphoon isoulik 

iimage, ioil islick iimage ias iwell ias iFlood iwater iimages iwhich 

iwere ishown iin ithe iexperimental iresults. 

start

Read Input Remote Sensing

Image

Initialization of random Cluster

Centers

Apply Adaptive Fuzzy K-Means

Clustering algorithm

Extract Selective features of the

images

Initialize the contour on

Clustered Images

Contour evolution by defined

Level Set Function (LSF)

If converges

Stop

YES

NO Repeat from

3rd step

Final Segmented

Results

Fig. i2. iFlow ichart ifor ithe iproposed iAdaptive iFuzzy-K-Means iLevel iSet iMethod 

IV. RESULTS IAND ICONSIDERATIONS 

The isuggested iproposed ialgorithm iis iimplemented ion iremote 

isensing iimages ifor ithe isegmentation iof ioil islicker icreeps 

iimage, ityphoon isoulik iimage, ithe ioil islick iimage iand iGulf iof 

iAlaska iimage. iThe iproposed iresults iare ianalyzed iand 

icompared iwith iIVC i2010, iChan-Vese i(CV), iACM iwith 

iSBGFRLS, iOnline iRegion-Based iACM i(ORACM). iThe 

iconventional imethods iIVC i2010 iwhich iis iproposed iby 

iKaihu iZhang, iChan-Vese, iACM iwith iSBGFRLS, iORACM 

iwith ithe iselective ilocal ior ia iglobal isegmentation ifails ito 

idetect ithe isegmentation iaccuracy i(SA) ibased ion iDice 

isimilarity iindex, iJaccard isimilarity iindex, iTrue iNegative 

iFraction, iFalse iNegative iFraction, iregions iand iboundaries iof 

ia iremote)sensing iimage i(oil islicker icreeps iimage, ityphoon 

isoulik iimage, ithe ioil islick iimage iand iGulf iof iAlaska iimage) 

idue ito iimproper ichoosing iof icontrolling iparameters iand 

ienergy ifunction idefined iin ithe iconventional imethods. iTo 

iovercome ithe iabove-mentioned idifficulties iwe iwere 

iproposing ia inew iimproved iFast iLevel iSet imethod ifor igetting 

ia isuperior isegmented iaccuracy idepending ion ithe iDice 

isimilarity iindex, iJaccard isimilarity iindex, iTrue iNegative 

iFraction iand iFalse iNegative iFraction, ialong iwith iless 

icomputational itime. iExperimental isimulation iis iperformed 

ion ifour idifferent iremote isensing iimages ias ishown iin ifigure 

i3, iwhich idepicts ithe iresults iof ipre-processing iinput iimages 

iby iusing iFuzzy-k-means iclustering iand iinitialize icontour ion 

iit. 

 iThe iproposed ialgorithm ipresented ihere iin ithis ipaper iis 

icompared iwith ithe imodels iwhich iwere iwidely iused isee 

ifigure i4, isuch ias iChan-Vese i(CV), iACM iwith iSBGFRLS, 

iOnline iRegion-Based iACM i(ORACM) imethods iin iterms iof 

ian iArea icovered, iEffective iArea, iless iCPU itime iand iArea 

ierror ifrom iremote isensing iimages. iSimilarly, ifigure i5 ishows 

ithe ifinal ilevel iset icontour ievolution iby ithe iproposed imethod 

iand iits isegmenting iregions irespectively. iOur iproposed 

ilevel-set imethod isegmenting ithe iregions iaccurately iand 

ieffectively iwhen icompared iwith iconventional imethods i.The 

idatabase iwas itaken ifrom ithe 

ihttps://earthobservatory.nasa.gov/images iand iNASA 

idatabase. iThese iimages iare iremodified ito i256x256 ifor ithe 

icontour ievolution iof iboth iproposed iand itraditional imethods 

ifor ipreprocessed iimages. iInitial icontours ifor iall ifour iimages 

iare iconsidered ias isquare-shaped iinitial icontour ifunctions 

iwell-defined ifrom i10 ito i(N-100)
th

 i ipixels iofian iNxN isize 

iinput iimage. iA ifinal icontour ievolution ito ithe idesired ioutput 

ihas itaken iwithin ithe irange iof i50 i– i120 iiterations iwith iless 

iCPU itime. iExisting ilevel iset imethods ifail ito iidentify ithe 

iproper iedges, iregions iand iboundaries iof iimages ifor ithe 

ievolution iof ithe ilevel iset icontour iC. iFigure i6, idepicts ithe 

iperformance igraph iof iexisting iand iproposed imethods iin 

iterms iof iarea ierrors iof ifour idifferent iImages irespectively. iIt 

ishows iclearly, ithe iproposed imethod iarea ierror iwould ibe iless 

icompared ito iall ithe ifour iexisting imethods. 

The iproposed ifinal ifast ilevel iset isegmentation iresults 

icovered ithe imaximum isegmented iarea iwhen icompared iwith 

iconventional imodels. iThe iperformance iparameters iof 

iconventional imodels iwere itabulated iin itable i1 iand iour 

iproposed imodel iwas itabulated iin itable i2 iand itable i3 

irespectively. iA ipixel-based iquantifiable ievaluation imethod 

iis iused. iIn ithis ievaluation, ithe iproposed imethod imade ia 

icomparison ibetween ithe ifinal isegmented iimage i„P‟ iand ithe 

iground itruth iimage i‟Q‟. iThe ifollowing iparameters iwere 

iused; iDice iSimilarity iIndex, iJaccard iSimilarity iIndex, iTrue 

iPositive iFraction i- i(TPF), iTrue iNegative iFraction i- i(TNF), 

iFalse iPositive iFraction i- i(FPF) iand iFalse iNegative iFraction 

i- i(FNF) i[45] idefined ias: 

2 P Q
Dice

P Q






P Q
Jaccard

P Q





 i i i i i i i i i i i i i(18) 

TPF I= P Q

Q

 TNF I=1
P Q

Q


  I I I I I I I I I I I I I I I I I I I I  I I I I(19) 

FPF i=
P Q

Q


 i; i i i iFNF i= i

Q P

Q


 i i i i i i i i i i i i i i i i i i i i(20) 
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Note: iThe iparameters ilike iDice isimilarity icoefficient i(DS), 

iJaccard isimilarity icoefficient i(JS), iTPF,TNF,FPF,FNF 

iwhich iwe iconsidered iin iour iproposed imethod, ithe ibetter 

iperformance ican ibe iachieved iby iDice isimilarity iindex 

i,Jaccard isimilarity iindex, iTrue iPositive iFraction, iTrue 

iNegative iFraction ifor ihigher ivalues. iMoreover, ifor ihigher 

ivalues iof iFalse iPositive iFraction, iFalse iNegative iFraction iit 

ileads ito ithe iworst iperformance. iBased ion ithe 

iabove-mentioned iinformation, ithe iDice isimilarity iindex, 

iJaccard isimilarity iindex, iTrue iNegative iFraction iand iFalse 

iNegativeiFraction iof ithe iproposed imethod igives iimproved 

iresults iwhen icompared iwith ithe iconventional imethods. i 

From ithe itables i1, i2, iand i3 ithe iproposed imethod iis ifaster, 

iaccurate iand isuperior ifor idetection iof iboundaries, iregions, 

iedges iin iremote isensing iimages ibased ion iDice isimilarity 

icoefficient i(DS), iJaccard isimilarity icoefficient i(JS), iTrue 

iNegative iFraction i(TNF) iand iFalse iNegative iFraction 

i(FNF). iHere ithe ialgorithms iare iperformed iunder iMATLAB 

iR2017a i64 ib iin iWindows i8 iOS iwith ia iMacBook iPro iof 

iIntel(R) iCore(TM) ii5-3210M iCPU i@ i2.50 iGHz, i4 iGB 

iRAM. iAn iamount iof ia iCPU itime iis iconsumed iby ieach 

ialgorithm ihad irecorded. 

Simulation iresults iof ipre-processing iby iusing iadaptive iFuzzy iK iMeans iClustering iand iContour iInitialization ion iit: 
 i i i i i i i i i i i i i i i i i i i i i 

iColumn-1 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iColumn-2 i i i i i i i i i i i i i i i i i i i i i i i i i i iColumn-3 i i i i i i i i i i i i i i i i i i i i i i i i i iColumn-4 
 

 (a) 

 

 i i i i i i i i i i i i i i i i i i i(a) (a) 

 

 i i i i i i i i i i i i i i i i i i i i i(a) 

 i i i i i i i i i i i i i i i i i i i(b)  i i i i i i i i i i i i i i i i i i(b)  i i i i i i i i i i i i i i i i i(b) i i i i i i i i i i i i i i i 
 i i i i i i i i i i i i i i i i i i i i i i(b) i i i i i i i i i i i i i i i 

 
 i i i i i i i i i i i i i i i i(c) 

 
 i i i i i i i i i i i i i i i i i i i i(c) 

 
(c) 

 
 i i i i i i i i i i i i i i i i i i(c) 

Figure i3 ishows ithe iresults iof ipre-processing ion iSAR iimages iby iusing iAdaptive iFuzzy iK imeans iclustering. iFirst irow 

ishows ithe ioriginal iSAR iimages iwhich iis itaken ifrom ithe iNASA iearth iobservatory idata iset iand iSecond irow ishows ithe 

icorresponding iclustered iresults iby iusing iadaptive iFuzzy iK imeans iand ifinally, ithe ilast irow idepicts ithe iinitialization iof 

icontour ion ipre-processed iresults i(means isecond irow iimages). 
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Simulation iResults iof iExisting ias iwell ias iproposed imethods ion idifferent iSAR iimages: 

 i i i i i i i i i i i i i i i i i i i i iColumn-1 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iColumn-2 i i i i i i i i i i i i i i i i i i i i i i i i i iColumn-3 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iColumn-4 

 
 i i i i i i i i i i i i i i i i i i(a) 

 
(a) 

 
(a) 

 
(a) 

 
(b) 

 
(b) 

 
(b) (b) 

 
(c) 

 
(c) 

 
(c) (c) 

 
(d) 

 
(d) 

 
(d) (d) 

 
(e) 

 
(e) 

 
(e) (e) 

 

 
(f) 

 

 
(f) 

 

 
(f) 

 

(f) 

 

Figure4.Simulation iresults ion idifferent iSAR iImages, ifirst irow ishows ithat ioriginal iSAR iimages isuch ias icolumn i1, 

icolumn i2, icolumn i3 iand icolumn i4 iare ioil islicker icreeps, iTyphoon isoulik, iOil ispill iand iGulf iof iAlaska irage iimages 

irespectively. iSimilarly iSecond irow, ithird irow iand ifourth irows idepicts ithe isimulation isegmentation iresults iof iExisting 

iLevel iSet imethods isuch ias iIVC i2010, iChan-Vese i(CV) i,ACM iwith iSBGFRLS, i, iOnline iRegion iBased iACM 

i(ORACM) imodel irespectively. iFinally, ithe ilast irow ishows ithe ifinal isegmentation iresults iof ithe iproposed iadaptive 

iFuzzy iK-Means iLevel iSet imethod. i
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                 Column-1 i i i i i i i i i i i i i i i i i i i I         i i i iColumn-2 i i i i i i i i i i i i i i i i I            i i i i iColumn-3 i i i i i i i i i i i i i i i i i i i i i                       i iColumn-4 
 

(a) 

 

 
(b) 

 

(c) (d) 

 
(e) 

 
(f) (g) (h) 

Figure i5 idepicts ithe ifinal isegmentation iregions iare iextracted 

iby iusing iproposed imethod, ifirst irow iimages ishows ithe ifinal 

icontour ievolution ion ipre-processed iimages iand ilast irow 

ishows ithe icorresponding isegmentation iregions iby ifinal ilevel 

i iset ievolution iare iextracted iobjects isuch ias ioil islicker, ioil 

ispills, ityphoon isoulik iand iGulf iof iAlaska. 

  

Table i1: i iPerformance iof iConventional iMethods ion iSAR iimages iin iterms iof iDS, iJS, iTPF, iFNF iand iElapsed itime. 

 

S.No Images Method 

Area 

icovere

d 

(mm
2
) 

Actual 

iArea 

(mm
2
) 

Area 

ierror 

(mm
2
) 

DS JS TPF FNF 
SA 

(%) 

Elapsed 

iTime(s) 

 

1 

 

 

Oil islicker 

icreeps 

iimage 

IVC i2010 44032 55696 11664 0.88 0.79 0.791 0.209 88 82.4546 

Chan-Vese 10926 55696 44770 0.21 0.19 0.196 0.080 21 50.9249 

ACM iwith 

iSBGFRLS 
22148 55696 33548 0.44 0.39 0.398 0.602 44 90.2614 

ORACM 19761 55696 35935 0.39 0.35 0.355 0.645 39 1.8835 

2 

Typhoon 

isoulik 

iimage 

IVC i2010 37853 55696 17843 0.75 0.67 0.679 0.320 75 19.3317 

Chan-Vese 10 55696 55686 
0.00

02 

0.00

01 

0.000

1 
0.999 

0.03

5 
74.8366 

ACM iwith 

iSBGFRLS 
29468 55696 26228 0.59 0.52 0.529 0.470 59 94.9321 

ORACM 26863 55696 28833 0.53 0.48 0.482 0.517 53 2.3432 

3 
Oil islick i 

iimage 

IVC i2010 35304 55696 20392 0.70 0.63 0.633 0.366 70 21.605709 

Chan-Vese 25 55696 55671 
0.00

08 

0.00

04 

0.000

4 
0.999 0.08 42.7014 

ACM iwith 

iSBGFRLS 
15465 55696 40231 0.31 0.27 0.277 0.722 31 157.8172 

ORACM 23301 55696 32395 0.46 0.41 0.418 0.581 46 
1.4528 

 

4 
Gulf iof 

iAlaska 

IVC i2010 16709 55696 38987 0.46 0.30 0.301 0.69 46 6.81147 

Chan-Vese 2 55696 55694 7.18 3.59 3.590 0.99 718 192.3958 

ACM iwith 

iSBGFRLS 
26813 55696 28883 0.65 0.48 0.481 0.51 65 32.9007 

ORACM 26496 55696 29200 0.64 0.47 0.471 0.52 64 3.0518 
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Table i2: iPerformance iof iproposed imethod ion iSAR iimages iin iterms iof iArea iCovered iby ifinal icontour, iArea ierror iand 

ifinal icluster icenters irespectively. 

S.No 
 

Images 

Final icluster icenters 

 
Area icovered Actual iArea Area ierror 

Cc1 Cc2 

 

1 

Oil islicker icreeps 

iimage 
102.1113 167.2374 45850mm

2 
55696 imm

2
 9846 imm

2
 

 

2 

Typhoon isoulik 

iimage 
53.2994 190.2392 39,514 imm

2
 55696 imm

2
 16,182 imm

2
 

 

3 
Oil islick i iimage 138.6437 185.7085 42649 imm

2
 55696 imm

2
 13,047 imm

2
 

 

4 
Gulf iof iAlaska 58.8028 217.3925 32359mm

2 
55696 imm

2
 23227 imm

2
 

Table i3: iPerformance iof iproposed imethod ion iSAR iimages iin iterms iof iDS, iJS, iTNF, iFNF iand iElapsed itime. 

S.No 
 

Images 

Dice 

iSimilarity 

(DS) 

Jaccard 

iSimilarity 

(JS) 

TPF FNF 

Segmentation 

iAccuracy 

(%) 

Elapsed iTime 

(s) 

 

1 

Oil islicker 

icreeps 

iimage 

0.91 0.82 0.823 0.176 91 8.0777 

        

 

2 

Typhoon 

isoulik 

iimage 

0.79 0.70 0.709 0.290 79 10.2870 

 

3 

Oil islick i 

iimage 
0.85 0.76 0.765 0.23 85 10.5511 

 

4 

Gulf iof 

iAlaska 
0.73 0.58 0.583 0.417 73 12.40474 

 

 

Figure i6. iShows ithe iPerformance igraph iof iExisting iand iProposed imethods iin iterms iof iarea ierror iof ifour idifferent 

iImages 
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V. CONCLUSION 

Adaptive iFuzzy iK-Means iclustering iusing ifast ilevel iset 

imethod iis ipresented iin ithis ipaper ifor iefficient isegmentation 

iof iremote isensing iimages isuch ias ioil islicker, ioil ispills 

iimages ietc. iThis imethod iis iused ito iimprove ithe iclustering 

iefficiency iand iinformation iof imutually ilocal ias iwell ias 

inon-local iare iincluded iinto ithe iAFKM iobjective iutility 

iwhich iis imodified iby idistance imetric. iBy iincorporating iFCM 

iand iK-Means iclustering iin ithe ipre-processing iwhich iis 

itreated ias iFuzzy-K-Means iClustering. iLater istage, iit iis 

inecessary ito iuse ipost-processing ivia ilevel iset ievolution ifor 

irejection iof ioutliers, iedge iand iboundary ileakage iproblems iin 

ithe ipre-processing. iThe isegmentation iaccuracy iis imeasured 

ibased ion isimilarity imetrics isuch ias iDice iSimilarity, iJaccard 

isimilarity, iTrue iNegative iFraction iand iFalse iNegative 

iFraction. iThe iproposed imethod iwas isuperior iand imore 

irobustness iover iexisting ilevel iset imethods. 
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