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ABSTRACT

Brain tumordetectionfrommagnetic resonance(MR)images isa tedious taskbutvital forearly
predictionofthediseasewhichuntilnowissolelybasedontheexperienceofmedicalpractitioners.
Multilevelimagesegmentationisacomputationallysimpleandefficientapproachforsegmenting
brainMRimages.Conventional imagesegmentationdoesnotconsider thespatialcorrelationof
imagepixelsandlacksbetterpost-filteringefficiency.ThisstudypresentsaRenyientropy-based
multilevel imagesegmentationapproachusingacombinationofdifferentialevolutionandwhale
optimizationalgorithms(DEWO)todetectbraintumors.Further,tovalidatetheefficiencyofthe
proposedhybridalgorithm,itiscomparedwithsomeprominentmetaheuristicalgorithmsinrecent
pastusingbetween-classvarianceandtheTsallisentropyfunctions.Theproposedhybridalgorithm
forimagesegmentationisabletoachievebetterresultsthanalltheothermetaheuristicalgorithms
ineveryentropy-basedsegmentationperformedonbrainMRimages.

KEyWORDS
2D Histogram, Between-Class Variance, Brain MR Image Segmentation, Multilevel Thresholding, Whale 
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1. INTRODUCTION

Inmodernera,clinicalexpertstakehelpofe-healthcareandautomatedsystemstoprovidebetter
diagnosistothepatients.Inspectionofabnormalitiesininternalorgansisatediousjobthatrequire
invasive/non-invasiveimagingapproach.Theseabnormalitiesareextensivelyrecordedusingmagnetic
resonance(MR)imaging,afterwhichtheimagesareprocessedtoinferthelocationandseverityof
diseaseintheinternalorgans.Inhealthcaredomain,imageexaminationisanintegralprocedurewhere
pre-processing,investigation,categorizationandpost-processingofmedicalimagesisperformed.
Medicalimagesegmentationisthewidelyadoptedtechniqueinmanyrealtimeapplicationsasthe
pixelgraylevelvalueforobjectsinanimageandthepixelgraylevelvaluefortheimagebackground
aresubstantiallydifferent.Thiscanbeexploitedtogetvarioushomogeneousregionsinamedical
imageforsynthesisandanalysis(Heimannetal.,2009).Imagesegmentationcanbeperformedby
variousmethodssuchasthreshold,edgedetection,regiongrowing,splitandmerge,neuralnetworks,
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clustering,compressionandhistogramtechniques.Thresholdingtechniquesextractobjectsbased
onthegraylevelofpixelsbydifferentiatingobjectsfromotherobjectsandbackgroundinanimage
(Sezgin&Sankur,2004).Someoftheprominentdomainswherethresholdingcanbeappliedare:
medicalimagingapplicationslikecellimages(Sierackietal.,1989),x-raycomputedtomography
(Oh&Lindquist,1999),con-focalmicroscopyusinglaserscanners(Jubanyetal.,2009),Cancerand
tumorprediction(Al-Tarawneh,2012),etc.Multilevelthresholdingtechniqueisoneoftheprominent
approachesofimagesegmentationasitextractsmorethanoneregionofinterestinasimpleand
efficientmanner.Someofthecriterionfunctionsthatareoptimizedinthresholdingareclassvariance
(Otsu,1979),classificationerror(Kittler&Illingworth,1986),orentropy(Pun,1980).Someofthe
prominententropythresholdingfunctionsincludeKapur’sentropy(Wong&Sahoo,1989),Renyi’s
entropy(Sahoo&Arora,2004),Tsallisentropy(Tangetal.,2009),andOtsu’sthresholdingmethod
(Otsu,1979).Themajordrawbackofentropy-basedthresholdingfunctionsisthattheyonlyusethe
grayleveldistributionofanimageresultinginsamehistogramandthresholdsfordifferentimages.
ThisdrawbackwasaddressedbyAbutaleb(1989),bydevelopingtheconceptofa2Dhistogramthat
containsspatialinformationinadditiontograyleveldistributioninformation.2Dhistogram-based
techniquesignoreinformationrelatedtoedgesandonlyconsiderobjectsandbackgroundinformation.
Non-localmeansbased2Dhistogramtechniquesareprovidedwithbetterpostfilterclarityofimages
withbetterresults(Mittal&Saraswat,2018).Conventionalmultilevelthresholdingtechniquesrequire
exhaustivecomputationandhencearetime-consuming(Kapuretal.,1985).Thisdrawbackisaddressed
byusingthresholdlevelasaspatialdimensionformetaheuristicalgorithms.Overthelastfewyears,
manyresearchershaveshowninterestinsolvingmultilevelthresholdingsegmentationproblemusing
differentmetaheuristicalgorithmslikeSimulatedAnnealing(SA)(Fengjieetal.,2009),AntColony
Optimization(ACO)(Wangetal.,2005),GeneticAlgorithm(GA)(Maulik,2009),FireflyAlgorithm
(FA)(Xiao-Fengetal.,2016),ArtificialFish-Swarm(AFS)(Xiao-Fengetal.,2016),SwallowSwarm
Optimization(SSO)(Pandaetal.,2017),BacterialForagingAlgorithm(BFA)(Sathya&Kavalvizhi,
2011),DifferentialEvolution(DE)(Sarkar&Das,2013)etc.Inthisstudy,anewhybridalgorithm
DEWO,whichisacombinationofDifferentialEvolutionandWhaleOptimization(WO)algorithmsis
proposedforbraintumordetectionusinganefficient2Dhistogrammultilevelthresholdingtechnique
based on non-local means filter and Renyi entropy. Results obtained from the proposed hybrid
algorithmhasbeencomparedwithsomeprominentmetaheuristicalgorithmslikeCuckooSearch
(CS),DE,ArtificialBeeColony(ABC),andWO.Further,theproposedhybridalgorithmisanalyzed
fordifferententropyfunctionslikeTsallisentropyandbetween-classvariance.ThebrainMRimages
usedinthisstudyforsegmentationaretakenfromtheReferenceImageDatabasetoEvaluateTherapy
Response(RIDER)NeuroMRIprojectdata,accessedfromTheCancerImagingArchive(TCIA).

Theremainderofthepaperisorganizedinthefollowingsections:section2elaboratesrelated
work,section3givesabriefdescriptionofthemethodology,section4elaboratesexperimentalresult
oftheproposedhybridalgorithmandcomparisonwithothermetaheuristicalgorithmsandentropy
functionsandsection5concludesthestudy.

2. LITERATURE REVIEW

Medicalimagesegmentationfordetectionofabnormalitiesfrommedicalimagingmodalitiesisavery
importantprocessfordecidingrighttherapyattherighttime.Manytechniqueshavebeenadoptedby
researchesformedicalimageanalysis.Someoftherecentresearchesarediscussedbelow.

Abdeldaim et al. (2018) developed a computer aided system for the diagnosis of acute
lymphoblasticleukemia.Whitebloodcellsegmentationactasacrucialstepofdiagnosisclassification,
wheresegmentationisperformedbycalculatingroundnessandsolidityofwhitebloodcellsusing
convexhullareaof thewhitebloodcells.Yeoetal. (2018)developedastatisticalmodelfor the
segmentationofbiomedicalimageslikeMRIimages.Segmentationfactorizesthestatisticalmodel
intodifferentshapesandposesforestimatingtheshapeofsubcutaneousadiposetissue.Mohammed
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etal.(2017)detectedNasopharyngealCarcinomainmedicalimagesusingregiongrowingbased
thresholdingtechniquethatusesiterativethresholdselectionbycalculatingeveryneighborhoodless
valuesfromimagehistogramwithinthesurroundingsoffrontage.Kumaretal.(2012)developeda
hybridtechniquebasedonmodifiedACOand2DOtsu’smethodofimagethresholdingtogetefficient
resultsforthesegmentationofCTscanimagesoflungs.SalehandEswaran(2012)developedan
approachfortheextractionofretinalimageswherecontrastenhancement,backgroundremovaland
H-maximatransformationsareusedforpreprocessingof imagesandmultilevel thresholdingand
binarization areperformed for retinal imageextraction.Lee et al. (2015) analyzed thresholding,
regiongrowing,clustering,ANNandlevelsetmethodsofimagesegmentationfordifferenttypesof
medicalimageslikeCTscanimages,3DMRI,MRI,UltrasoundandX-rayimagestocharacterize
andsummarizebestmethodsforeverytypeofmedicalimages.Lietal.(2015)performedstomach
segmentationusingdynamic-contextcooperativequantumPSOandOtsusegmentationwithenhanced
explorationandexploitationof the search space.Namburuaet al. (2017)performedanefficient
brainimagesegmentationbasedonsoftfuzzyroughc-meanssetthathelpedineffectiveutilization
ofhistogramsbyconvergingfastandnarrowingprobabilityofoccurrenceofmistakes.Bahadureet
al.(2017)performedbrainimagesegmentationusingBerkeleyWaveletTransformation(BWT)that
helpedtoreducethecomplexityofthesegmentationprocessandSupportVectorMachine(SVM)
toclassifybraintumorimages.SVMincreasestheaccuracyofclassificationresultwhenusedwith
BWTandfeatureextractionmechanism.Rajinikanthetal.(2017)performedacomparativeanalysis
of three entropy functions namely Kapur’s entropy, Shannon entropy, and Tsallis entropy-based
imagesegmentationofbrainMRimagesusingTeachingLearningbasedoptimizationalgorithm.
TheyfoundthatShannonentropyperformedbetterthanotherentropicfunctions;thentheyapplied
levelsetmethodforextractionofgliomasectionofbrainMRimages.Pandaetal.(2017)developed
anadaptiveSwallowSwarmOptimization(SSO)techniquealongwithEvolutionaryGrayGradient
Algorithm(EGGA)forbrainMRimagescontainingmanyregionsofinterest.Nakibetal.(2007)
developedaParticleSwamOptimization(PSO)-basedthresholdingtechniqueforsegmentationof
brainMRimagesusing2Dsurvivalexponentialentropytogetbetterresultsfromconventional2D
survivalexponentialentropy-basedsegmentation.ShahdoostiandTabatabaei(2019)developeda
region-basedsegmentationtechniqueforthefusionofmedicalimagestoreducethesensitivityof
MRimagestowardsnoiseandfurtherappliedACO-basedclusteringalgorithmtogetefficientresults
forsegmentation.Sumathietal.(2018)presentedCuckooSearch(CS-basedimagesegmentation
techniqueusingKapur’sentropyfortumorextractionfrombrainandbreastMRImagestoprovide
agoodresistancetowardsnoisealterationinimages.Sarkaretal.(2017)developedasegmentation
approachcombiningRenyiandcross-entropyforaddressingparetooptimalmulti-objectivenatureof
naturalandmedicalimagesusingdecomposition-basedMulti-ObjectiveEvolutionalAlgorithmvariant
ofDifferentialEvolution(MOEA/D-DE)toefficientlysegmentlesionregionsofbraintumor.Zhu
etal.(2017)developedamethodoflivercystextractionusingWellner’sthresholdingalgorithmand
PSOtogetbetterresultsasliverultrasoundimageshavelowsignal-to-noise-ratioandlowcontrast.
Rajaetal.(2018)presentedaregiongrowingapproachofimagesegmentationusingacombination
of Bat Algorithm (BA) and Tsallis entropy for evaluating contrast improved T1 modality-based
brainandbreastMRimagesinanefficientmanner.Roopinietal.(2018)developedanapproach
formultilevelthresholdingimagesegmentationbasedonFireflyAlgorithmandfuzzyentropyin
combinationwithdistanceregularizedlevelsettoextracttumorfromthebrainMRimages.Zhang
et al. (2017)developedamulti-scale3DOtsu thresholdingmethod forprecisebrainMR image
segmentation.Dawnglianaetal.(2015)presentedahybridmethodofmultilevelthresholdingand
levelsettechniquestogetrefinedsegmentedimagesforboundaryvariation.Table1summarizesthe
recentrelatedworkdonebyresearchers.
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3. PRELIMINARIES

Thissectionpresentstheoverviewoftechniquesandconceptsemployedinthisstudy.

Table 1. Literature review summarization

Author(s) Application area Methodology

Abdeldaimetal.(2018) AcuteLymphoblasticLeukemia
diagnosis

Computeraidedsystemfor
segmentationusingconvexhull

Yeoetal.(2018) BiomedicalImaging Statisticalmodelforsegmentation

Mohammedetal.(2017) NasopharyngealCarcinomaImaging Regiongrowingbasedthresholding

Kumaretal.(2012) LungCTScanImaging ModifiedACOwith2DOtsumethod

SalehandEswaran(2012) RetinalImaging H-maximatransformation,multilevel
thresholdingandbinarization

Leeetal.(2015) MedicalImaging SurveyPaper

Lietal.(2015) StomachCTScanImaging Dynamic-ContextCooperative
QuantumPSOandOtsusegmentation

Namburuaetal.(2017)

BrainMRImaging

Softfuzzyroughc-means

Bahadureetal.(2017)
BerkeleywaveletTransformation
(BWT)andSupportVectorMachine
(SVM)

Rajinikanthetal.(2017)

Kapur’sentropy,Shannonentropy,
andTsallisentropyandusing
TeachingLearningbasedoptimization
algorithm

Pandaetal.(2017)
AdaptiveSwallowSwarm
Optimization(SSO)andEvolutionary
GrayGradientAlgorithm(EGGA)

Nakibetal.(2007) PSOand2Dsurvivalexponential
entropy

ShahdoostiandTabatabaei(2019) MRImaging ACObasedClustering

Sumathietal.(2018) BrainandBreastMRImaging CSalgorithmusingKapur’sentropy

Sarkaretal.(2017) MedicalImaging

DecompositionbasedMulti-Objective
EvolutionalAlgorithmvariantof
DifferentialEvolution(MOEA/D-
DE)andHybridofRenyientropyand
cross-entropy.

Zhuetal.(2017) UltrasoundImaging Wellner’sthresholdingalgorithmand
PSO

Rajaetal.(2018) BrainandBreastMRImaging Regiongrowingsegmentationusing
BatAlgorithmandTsallisentropy

Roopinietal.(2018)

BrainMRImaging

Multilevelthresholdingbasedon
FireflyAlgorithmusingfuzzyentropy
anddistanceregularizedlevelset

Zhangetal.(2017) Multi-scale3DOtsuthresholding

Dawnglianaetal.(2015) Hybridtechniqueofmultilevel
thresholdingandlevelsetmethod.
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A. RenyiEntropy:

Entropyisthemeasureofglobalamountofinformationcontainedinanimagehistogram,as
statedbyShannoninhisinitiatedresearchworkknownasinformationtheory.Renyientropyisa
generalizationofShannonentropyproposedbyRenyi.Renyientropyisamoreadaptableandflexible
functionduetoitsdependenceonparameters.ItisanextendedversionofShannonentropywhich
appliedtocontinuousfamilyofentropymeasures.Renyientropycanbestatedas:

R I
q

p
q

i

E

i
q( ) =

− =
∑

1

1 1

ln 

where:
R
q

:Renyientropyforentropyindexq

I :Discreterandomvariablewithpossibleoutcomes1toE
q:Entropyindex
p
i
:Probabilityofdiscretevariablefori=1toE

ShannonentropyisaspecialcaseofRenyientropywhereq → 1 .Hereq isknownasorderof
entropy.

B. Non-localmeansfilter:

Nonlocalhelpsgetbetterpostfilterclaritybyincludingedgeinformationintherightamount.
Thismethodcalculatesmeansofallpixelsinanimagebyperformingweightedcomparisonofeach
centrepixeloffilterwiththetargetpixel.ConsiderX(u)andX(v)astwopixelsofinputimagethen
nonlocalmeansoutputimagepixelscanbecomputedas:
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 here µ  is mean and σ  is the standard deviation for the pixels
correspondingtothefiltermaskofsizem m× .

C. 2-DHistogram:

g x y x y f x y f x y g x y O
ij

, , , , , , , ,( )( ) ( ) = ( ) ( ) ( ) = ( ) =H i j O i ji f x y j g
ij

xx y,( ) ×M N 2D
Histogramforanimageisobtainedbymappingnonlocalmeansimagepixelwithgrayscaleimage
pixelstoprovidebetterexploitationofspatialinformationofimage.Considerforspatialcoordinate
x y,( ) .ofpixelofimage f x y,( ) .representspixelvalueofgrayscaleimageand g x y,( ) .represent

pixelofnonlocalmeanfilteredimage.2Dhistogrammatrixvaluecanbecalculatedbymappingthe
occurrenceof f x y,( ) .withg x y,( ) .Mathematically,
H i j O

ij
,( ) = .whereO

ij
.is the total number of occurrence of pair i j, .; i f x y= ( ), .and

j g x y= ( ), .Normalizedhistogramiscalculatedbydividingoccurrencevaluewithsizeoftheimage
M N× .Mathematically,
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N i j O M N
ij

, /( ) = × .Histogram depicted in the table show that object and background
informationcanbeobtainedthroughdiagonalelements,henceonlydiagonalelementsareconsidered
forfurtherobtainingoptimalthresholdvalues.

D.DifferentialEvolution:
DEisanevolutionaryoptimisationtechniquedevelopedbyStornandPricein1997.DEisa

population-basedsearchtechniquethathelptoachieverobustoptimumsolutionforagivenproblem
fasterthanotherevolutionaryproblems.DEperformsmutationandcrossoverbymixingmutated
vector generated with some predefined vector, called target vector. The vector generated after
crossoveristhetrialvector.Intheselectionprocess,decisionaboutinclusionoftrialvectorinthe
nextgenerationistakenusinggreedycriteria;thenthetargetvectorisreplacedwiththetrialvector
iflatterisstrictlysuperior.

Mutation:V X F* X X
r r r

= + −( )1 2 3

Crossover:U
rand j

j rand=
≤ =







V if Cr j

X otherwise

� �

Selection:X t
U X

+( ) = ( ) ≤ ( )






1
U iff f

X otherwise

�

where:

• X X X
r r r1 2 3
, , :Threedifferentrandomindividuals

• V:Mutatedvector
• F:Scalingfactor
• Cr:Crossoverrate
• U:Trialvector
• X(t+1):Individualforgenerationt+1

EWhaleOptimization(WO):

WOwasproposedbyMirjaliliandLewisin2016.WOisapopulation-basedalgorithmthat
exploithuntingmethodofhumpbackwhalesknownasbubblenetfeedingtechnique.Whalescreate
aspiralshapedbubblepath.Exploitationofthesearchspaceisperformedusingbubblenetmethod
whichconstituteoftwomechanism:shrinkingencirclingmechanismandspiralupdatingposition.
Whalesmovearoundpreyinaspiralshapedtherebyshrinkingcircularpathsimultaneouslyforperfect
attack.InWO,aprobabilityof50%isassignedtobothpathsforeverypositionupdate.WOconsists
ofminimumnumberofheuristicsandinternalparameterandiscomputationallyasimplealgorithm.

PositionUpdate:X t
X t AD if p

D e l X t if pbl+( ) = ( )− <

( )+ ( ) ≥






′

1
0 5

2 0 5

*

*

. .

. . cos .π
where:

• D CX t X t*= ( )− ( ).

• X t* ( ) :positionofbestsolution
• A a r a= −2 . .C r= 2 .
• AandC:coefficientvectors;a:linearlydecreasingvectorfrom2to0;r:randomvector
• ′ = ( )− ( )D X t X t* i.e.distanceofcurrentsolutionfrombestsolutionobtainedsofar

Metaheuristichybridizationistherecenttrendinthefieldofoptimization;achievedbycombining
onemetaheuristicalgorithmwithcomplementingmetaheuristicalgorithm.DifferentialEvolution
is an efficient algorithm used for solving many classical optimization problems. DE covers the
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entiresearchspaceofthealgorithminaneffectivemanner.Best/DE/1variantofDEcanachieve
goodexploitationoftheinputsearchspacebyusingthebestindividualobtaineddofar.However,
optimumresultofDEissensitivetothechoiceofscalingfactor(F)andcrossoverrate(Cr).Whale
Optimizationalgorithmisarecentlydevelopedmetaheuristicalgorithmwithmanygoodproperties
like,fewparameters;coversbroaderareainthesearchspace;andexplorationofthesearchspaceis
madeefficientbyusingrandomlyselectedsearchagentinplaceofbestsearchagentsofar.Toachieve
balancebetweenexploitationandexplorationofthesearchspace,hybridizationofDEandWOis
proposed;theproposedDEWOalgorithmisexplainedindetailinthenextsection.

4. PROPOSED METHODOLOGy

ThissectionillustratesthemethodologyadoptedinthisresearchworktosegmentbrainMRimages.
Inthisstudy,a2Dhistogramiscreatedusinggrayscaleimageandnon-localmeansfilteredimage
oftheoriginalimage.This2Dhistogramisusedtoobtainoptimalmultilevelthresholdsbyapplying
proposedhybridalgorithmDEWOalongwithRenyientropy.Thresholdlevelssoobtainedareused
fortheimagesegmentationprocess;thesegmentedandcolor-mappedimagesarereturnedasthefinal
outputbytheproposedalgorithm.Thesegmentedimagehelpstodifferentiatebetweenobjectsand
backgroundintheoriginalimage.Flowchartoftheproposedmethodologyisillustratedinfigure1.

AProposedHybridAlgorithm-DEWO:

TheproposedhybridalgorithmDEWOoptimizestheimagesegmentationmethodforbrainMR
imagesbasedon2Dhistogramthresholding.Theproposedhybridalgorithmcombinestheadvantages
ofbetterexploitationofDEandbetterexplorationofWO.Thealgorithmisdescribedasfollows:

1. InitializethepopulationwithNP(populationsize)parametervectors,makingpopulationsize
foreachgenerationasNP.

2. SetparametersCR,F,aandrcorrespondingtobothDEandWOalgorithms.
3. Calculatethefitnessofeachindividualpresentinthepopulation.
4. Sortthepopulationindecreasingorderoftheirfitnessvalue(formaximizationoffitnessfunction).
5. Repeatsteps6-8whilemaximumiterationisreachedorstoppingcriteriaismet.
6. Foreachindividualbelongingwithinrangeof[1,(NP/2)]ofsortedpopulationdo

◦ - Choosethreedifferentindividualsothertheonebeingprocessedrandomly.

X X X X
r r r j1 2 3
≠ ≠ ≠ 

◦ - Applymutationbyaddingtheweighteddifferenceofthetwovectorstothethird
vector.

V X F X X
r r r

= + −( )1 2 3
� � * 

where,F:scalingfactor
◦ - ApplyCrossoverbymixingmutatedvector‘V’withtargetvector‘X’.

U
V if rand Cr

X otherwise
j=
≤
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where,Cr .:crossoverrate
◦ - Performselectionbetweenthetrialvector‘U’andthetargetvector‘X’depending

uponwhichisstrictlysuperior

X t
U iff U f X

X otherwise
+( ) = ( ) ≤ ( )







1 

Foreachindividualbelongingwithinrangeof[(NP/2)+1,NP]ofsortedpopulationdo
◦ Updatevalueofparametersa,r,l,A,Candp.Herepistheprobabilitytochoosebetween

shrinkingencirclingmechanismorspiralmodel
◦ ifp<0.5and|A|<lthen:

where:
AandC:coefficientvectors
X t* ( ) :Positionvectorforbestsolution

◦ ifp<0.5and|A|≥lthen:
where,X t

rnd ( ) :Randompositionvector
◦ ifp≥0.5then:

′ = ( )− ( )D X t X t*

X t D e l X tbl *+( ) = ( )+ ( )′1 2. . cos À
◦ CheckforlimitboundsforXvector.
◦ Updatefitnessofeachindividualinthepopulationrangeandgetbestindividual.

7.Updateforglobalbestsolutionbycomparingeachpersonalbestsolutionofpopulationrange.

BOverviewAlgorithmsusedforComparison:

Table2describesABCandCSmetaheuristicalgorithmsusedforcomparisonwiththeproposed
hybridalgorithm.Table2showsaDescriptionofMetaheuristicAlgorithms.

CSimpleStatisticsErrorandCorrelationBasedMetrics:

Someoftheprominentperformancemetricsusedinthisstudytoevaluatetheperformanceof
thesegmentationprocessaredescribedinTable3below.

5. EXPERIMENTAL RESULTS

TheoptimalthresholdvaluesobtainedforbrainMRimagesusingtheproposedhybridalgorithm,
DEWO,werefoundtogivebetterresultsforallentropyfunctionsconsideredincomparisontoother
metaheuristicalgorithmslikeDE,WO,ABCandCS.MATLABisusedtoimplementallalgorithms
andtoperformsegmentation.Figure1showstheoriginalMRimage,grayscaleimage,filteredimage
and2DhistogramoftheMRimage.Theoptimalthresholdvaluesandthefitnessfunctionvalueby
eachalgorithmfordifferententropyfunctionsisillustratedinTable4.Figures2and3depictthe
comparisonoftheresultofallmetaheuristicalgorithmsforRenyientropy,between-classvariance
andTsallisentropyrespectively.Tables4-6showsegmentedandcolor-mappedimagesobtainedafter
applyingthresholdvaluesobtainedthroughdifferentmetaheuristicalgorithmsfordifferententropy
functions.Tables5and6illustrateperformancemetricsvalueforallmetaheuristicalgorithmsfor
differententropyfunctions.
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6. CONCLUSION

Thisstudyproposesahybridmetaheuristicalgorithm,DEWO,bycombiningDEalgorithmwithWO
algorithmformultilevelimagesegmentationusingnon-localmean2Dhistogramthresholdingmethod.
Inthispaper,wehaveperformed3-levelthresholdingtosegmentbrainMRimagesfordetectionof
tumors.Resultsshowthattheproposedalgorithmperformsbetterthanothermetaheuristicalgorithms
likeDE,WO,ABCandCS.Thiscomparisonwasperformedfordifferententropy-basedfunctionsand
theproposedhybridalgorithmoutperformedotheralgorithmsinallscenarios.RecentlydevelopedWO
algorithmwhencombinedwithDEalgorithmisabletoprovideabetterbalancebetweenexploration

Table 2. Description of metaheuristic algorithms

Algorithm Author/year Description

ABC Karaboga,
2007

ABCsimulatesthebehaviorofrealbeesforsolvingmulti-dimensionalandmultimodal
optimizationproblems.InABC,beecolonyisdividedintothreegroups:thefirstgroup
iscalledemployedbees(thosewhichgotofindthefoodsource),thesecondgroupis
calledonlookers(thatmakethedecisiontoselectfoodsource)whilethelastgroupis
scouts(thatsearchrandomlyforthefoodsource).

PositionUpdate:V X X X
ij ij kj

= + ∗ −( )ϕ

CS YangandDeb,
2009

InCSalgorithm,eachsetofnestswithoneeggareplacedatrandomlocationsinthe
algorithm’ssearchspacewheretheeggrepresentsacandidatesolution.Searchpattern
fordiscoveringbestnestisinspiredbyLevyFlightswhichisanefficienttechniqueas
comparedtootherrandomwalks.

PositionUpdate:x t x t a levy+( ) = ( )+ ⊕ ( )1 λ

Table 3. Description of performance metrics of segmentation process

Performance Metrics Formula

NormalizedAbsoluteError(NAE) NAE
X x y Y x y

X x y

x

M
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N

x

M

y

N
=

( )− ( )

( )
= =

= =

∑ ∑

∑ ∑
1 1

1 1

, ,

,

NormalizedCross-Correlation(NCC) NCC
n

X x y X Y x y Y
x y x y
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1 1

,

, ,
Ã Ã

RootMeanSquaredError(RMSE) RMSE E= −( )� θ̂ θ 2

PeakSignaltoNoiseRatio(PSNR) PSNR =
−( )

10
2 1

10

2

�log
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MSE

StructuralSimilarityIndex(SSIM) SSIM
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c X Y c
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andexploitationofthesearchspace.Regardlessoftheentropyfunctionchosen,ouralgorithmisable
toachievemaximizedvalueoffitnessfunctionthananyotheralgorithmbeingcompared.Performance
metricsofsegmentedimagewiththeoriginalimageshowthatthereisnotmuchdegradationonthe
qualityoftheimageafterthesegmentationofbrainMRimages.Theproposedalgorithmisableto
detecttumorsinafarmoreclearandaccurateformthantheothermethods.

Forfuturework,WOandDEalgorithmscouldbehybridizedwithdifferentpopulation-based
andlocalsearch-basedalgorithmstoseeinterestingresults.Multilevelimagesegmentationcanbe
combinedwithmorphologicalprocessingandimagesubtraction;therebyresultscouldbefurther
analyzed.Further,theproposedhybridalgorithmcanbeappliedtomanymorereal-worldproblems
likefaultdetection,habitatmonitoringetc.

Figure 1. Non-local means image and the 2D histogram of sample images

Table 4. Optimal thresholds and fitness function value for different entropy functions

Renyi Entropy Between-class Variance Tsallis Entropy

Algorithm Optimal 
Thresholds 
T1, T2, T3

Optimum 
Value

Optimal 
Thresholds 
T1, T2, T3

Optimum 
Value

Optimal 
Thresholds 
T1, T2, T3

Optimum 
Value

DE 1,129,213 1.1951 144,147,156 15972.44 1,129,255 1.0915

ABC 25,129,188 1.1951 146,160,251 15972.44 129,145,160 1.6372

CS 129,132,149 1.7926 153,156,248 15972.44 1,129236 1.0915

WO 1,75,129 0.59755 6,70,232 82251.04 39,107,137 0.47603

DEWO 129,138,255 1.7928 138,199,209 16852.74 129,138,255 1.6372

Table 5. Performance metrics for Renyi entropy

Algorithm NAE NCC RMSE PSNR SSIM

DE 1 32767 1 -22.8807 6

ABC 1 32767 1 -22.8807 6

CS 1 32767 1 -22.8807 8

WO 1 32767 2 -25.8910 4

DEWO 1 32767 1 -22.8807 8
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Table 6. Performance metrics for Tsallis entropy and between-class variance

Tsallis Entropy Between-class Variance

Algorithm NAE NCC RMSE PSNR SSIM NAE NCC RMSE PSNR SSIM

DE 1 32767 2 -25.8910 8 1 32767 1 -22.8807 6

ABC 1 32767 1 -22.8807 6 1 32767 1 -22.8807 6

CS 1 32767 2 -25.8910 5 1 32767 1 -22.8807 6

WO 1 32767 2 -25.8910 6 1 32767 1 -22.8807 4

DEWO 1 32767 1 -22.8807 8 1 32767 1 -22.8807 7

Figure 2. Segmented and color-mapped image for Tsallis entropy
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Figure 3. Segmented and color-mapped image of Renyi Entropy, segmented and color-mapped image of between-class variance
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