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ABSTRACT

Leukemiaisabloodcancerwhichisdefinedasanirregularaugmentofundevelopedwhiteblood
cellscalled“blasts.”Itdevelopsinthebonemarrow,whichisresponsibleforbloodcellgeneration
including leukocytesandwhitebloodcells.Theearlydiagnosisof leukemiagreatlyhelps in the
treatment.Accordingly,researchersareinterestedindevelopingadvancedandaccurateautomated
techniquesforlocalizingsuchabnormalbloodcells.Subsequently,imagesegmentationbecomesan
importantimageprocessingstageforsuccessfulfeatureextractionandclassificationofleukemiain
furtherstages.Itaimstoseparatecancercellsbysegmentingthemicroscopicimageintobackground
andcancercellsthatareknownastheregionofinterested(ROI).Inthisarticle,thecancerblood
cellsweresegmentedusingtwoseparatedclusteringtechniques,namelytheK-meansandFuzzy-
c-meanstechniques.Then,theresultsofthesetechniqueswerecomparedtointermsofdifferent
segmentationmetrics,suchastheDice,Jac,specificity,sensitivity,andaccuracy.Theresultsproved
thatthek-meansprovidedbetterperformanceinleukemiabloodcellssegmentationasitachievedan
accuracyof99.8%comparedto99.6%withthefuzzyc-means.

KEywoRdS
Fuzzy-C-Means, Image Segmentation, K-Means, Leukemia

INTRodUCTIoN

Humanbloodisclassifiedintowhitebloodcells(WBCs),redbloodcells(RBCs),andplatelets(Liu
etal.,2019).Leukemiaisawidecategoryofcancersthatinfluencewhitebloodcells.Generally,
whitebloodcellscanbeclassifiedintofivecategories,namelyneutrophils,eosinophils,basophils,
lymphocytes,andmonocyte.Leukemiacanpreventwhitebloodcells frombattlingdiseasesand
causesthemtoduplicatewildly,whichleadstocriticalhealthproblemsthatthreatensthepatient’s
life (Chatap,&Shibu, 2014). It has twomain categories, including acute leukemia and chronic
leukemia.Acute leukemia isdiagnosedwhen the largerpartof the influencedwhitebloodcells
cannotworknormally,causingfastdegeneration,whilechronicleukemiaisdiagnosedwhenafewof
theinfluencedbloodcellscannotworkregularly,causingaslowerdegeneration.Furthermore,acute
leukemiaissub-categorizedintoacutelymphocyticleukemia(ALL)andacutemyeloidleukemia
(AML),whereaschronicleukemiaissub-categorizedintochroniclymphocyticleukemia(CLL)and
chronicmyeloidleukemia(CML).

Manual detection methods of leukemia depend on the physician experience and naked eye
inspectionwhichareinaccurateandtimeconsuming.Thus,recentlyautomateddetectionmethods
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areused.Thesegmentationofcancercellimageshasadirecteffectontheclassificationprocess,
whichinturnhelpsintheprocessofdiagnosisandtreatment.Mainly,therearefourbasicprocesses
forimageincomputer-aideddiagnoseswhichareimageacquisition,imagepreprocessing,andimage
segmentation in addition to image classification. Generally, image segmentation is a significant
processinimageprocessing,whichdividesthewholeimageintoseveralregionsforextractingthe
regionofinterest.Inthemicroscopicbloodsamples,theblastcellisextractedforleukemiadetection.

The blood cell segmentation is considered a challenging task due to the cells’ complex
morphology, including shape, texture, color and size. In addition to the ambiguity, uncertainty,
andinconsistenciesinthecapturedmicroscopicimageswithvaryingillumination,aswellasthe
existenceofoverlappingbetweenthecells(Reyesetal.,2015).Thus,ahighlyefficientmethodis
requiredforsegmentationofleukemiabloodcell.Thereareseveraltypesofimagesegmentation,
suchaswatershed,edge-based,threshold,region-based,andclusteringmethods.Theclustermethod
includesdifferentmethodsforexampleK-means,fuzzyc-means(FCM),hierarchicalclustering,and
model-basedclustering(Dhanachandra,&Chanu,2017).Inthepresentwork,theperformanceof
k-meansandFCMclusteringmethodsisinvestigated.

RELATEd woRK

Fatma,&Sharma(Fatma,&Sharma,2014)appliedtwoleukemiaimagesegmentationmethods,
K-meansandthreshold.Inaddition,contrastlevelandtheRGB(red-green,blue)imagewereconverted
toHSIimagebeforeK-meansandthresholding.Also,amedianfilterwasappliedfornoiseremoval.
TheresultsdepictedthatthebetterperformancewasobtainedusingK-meansclustering.Inother
work,ElDahshanetal.(ElDahshanetal.,2015)comparedtheperformanceofALLsegmentation
usingRGBandHSV(hue-saturation-value)colorspace.Initially, localcontraststretching(LCS)
wasappliedtoimproveimagecontrastthensegmentedbyusingthehistogramtoselectthethreshold
value.Finally,amedianfilterwasusedtoremovenoise,whiletheRGBimagewasconvertedto
HSVthenextractHchannelandsegmentationdonebythecolorhistogram.Thesegmentationbased
onthehuechannelofHSVcolorachieved99.17%accuracy,whiletheRGB-basedsegmentation
achieved94.42%accuracy.Also,Tohetal.(Tohetal.,2018)presentedthecombinationtechnique
ofcolorthresholdingbasedontheRGBcolorinformationfromacuteleukemiaimagesandmedian
filtertoremovenoise.TheaverageaccuracyforbothAcuteMyeloidLeukemia(AML)andALL
were97.63%and97.64%,respectively.Inaddition,tok-meansclusteringwasappliedtotheAML
andALLimagesforthecomparisonpurpose.TheobtainedaverageaccuracyforbothAMLandALL
imagesbyk-meansclusteringwere88.40%and96.25%,respectively.Furthermore,Bouzid-Daho
etal.(Bouzid-Dahoetal.,2016)studiedthesegmentationofirregularbloodcellstohelpleukemia
location.Firstly,theimagewasresizedandRGBimagewasconvertedtograyscale,thenthemedian
filterwasusedfornoiseremoval.Inthelaststep,morphologicaloperatorswereappliedforbetter
visualizationofabnormalcells.Thismethodwasproducedremarkableandsatisfactoryresults.While,
Biji,&Hariharan(Biji,&Hariharan,2016)segmentedthebloodcellimagesofpatientswithacute
leukemiabyexploitingadaptivekMeans(AKM),FCM,andStandardK-Means(SKM)clustering
algorithmswithoutapplyinganyfilteringmethod,thentheimageenhancementusingthemeanshift
algorithm.TheresultillustratedanimprovedsegmentationperformanceusingthesuggestedAKM
comparedtoFCM,andSKM.Aswellas,Lietal.(Lietal.,2016)introducedasegmentationmethod
ofacutelymphoblasticleukemiaimagesusingdual-thresholdtechniquetoimprovethetraditional
single-thresholdmethods.Afterward,mathematicalmorphologyandmedianfilteringwereutilized
toremovethenoise.Theresultsprovedthatthesegmentationaccuracyreachedto97.85%.However,
Karthikeyan,&Poornima(Karthikeyan,&Poornima,2017)comparedFCMwithk-meansforimage
segmentationwiththeuseofadaptivemedianfilterfornoiseremoval.Inaddition,adaptivehistogram
equalizationwasused toenhancecontrast,and then thesegmentationwasperformedusingboth
methods.Also,Kumaretal.(Kumaretal.,2018)appliedaK-meanclusteringalgorithmforautomated
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detectionofacuteleukemia.Thenoiseandabnormalcomponentswereremovedfromtheimageusing
Wienerfilterandmorphologicaloperations.Atthatpoint,thehistogramequalizationprocedurewas
usedforimprovingtheimagecontrast,thenimagesegmentationusingk-meansclusteringalgorithms.
Thesegmentationaccuracyof92.8%wasachieved.

METHodoLoGy

Image Segmentation Using Clustering Methods
Clusteringistheprocessofanalysissegmentinganimagedatasetintosomediscretegroupsorclusters.
Itcanbeconsideredtheforemostimperativeunsupervisedlearningproblemthatdealswithfinding
astructureinanunlabeleddatacollection,includingthek-meansclusteringalgorithm,hierarchical
clusteringprocedure,andFCMclusteringalgorithm.Eachmethodfollowsasetofrulesdifferent
fromtheothertodeterminethesimilaritybetweenthedatapoints.Hardclusteringandsoftclustering
aretwotypesofclustering.Inhardclustering,eachoneofthedatapointexistsinonlyonecluster,
suchask-meansclusteringalgorithm,butinsoftclusteringpointeachoneofthedatapointexistsin
morethanonecluster,suchasFCMclusteringalgorithm.

Image Preprocessing
Inimagepreprocessing,imageenhancementtechniquesareappliedtothedigitalimageforimproving
theimagequalitybyremovingthenoiseandadjustingtheimagecontrast,brightnesstoachievethe
bestresultsofsegmentation.TheHSVcolormodelappearsasaconeorcylinder.TheHSVmodel
describescolorsasseenbythehumaneye,buttheRGBdoesnotcloselyrelatetothehumanvisual
perceptionofcolor.Thehuechannel(H)representsthecolortypeswhilethesaturationchannel(S)
istheamountatwhichthatcolorisblendedwithwhiteandthevalue(V)istheamountatwhichthat
colorisblendedwithblack(graylevel).InRGB,theimagecolorinformationcannotbeseparated
fromluminance;however,HSVisusedtoseparateimageluminancefromcolorinformation.Thus,
inthisstudytheimagesaretransformedfromtheRGBtotheHSVcolorplane,then,theSchannel
imageisappliedtothesegmentationprocess.

K-Means Clustering Algorithm
K-meansisasimpleunsupervisedclusteringprocedurethatdealswithalargenumberofvariables
(Yangetal.,2012;Dhanachandraetal.,2015;Zhengetal.,2018).ThebasicideaofK-meansis
dividingtheimageintogroups,inwhicheachgroupcalledcluster,thenumberofgroupsrefertoK
value.Itdependsontwomainsteps,whichdeterminethecenterofeachclusterandfindtheclosest
pointsforeachcenterbymeasuringtheEuclideandistancebetweeneachpointofdataandcenterof
cluster.Afterthat,thenewcenterisrecalculatedforeachclusterandthereforetheEuclideandistance
ismeasuredbetweenthenewcenterandeachdatapointinclustertofindoutwhetherthesepoints
areclosesttothecenterornot.TheK-meansalgorithmisaniterativeprocess,wherethepreceding
stepsarerepeateduntiltheclustercenterdoesnotchangeandthebestresultsareobtained.These
stepsofK-meansalgorithmcanbesummarizedasfollows:

1. Choosethevalueofk(numberofclusters)andthecenterofeachcluster;
EstimatetheEuclideandistanceusingthefollowingequation:

d p x y c
k

= ( )−,  (1)

whereforanimage p x y,( ) thecenterforclusterisdenotedbyc
k

.
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3. AllocateallpixelstotheclosestcenterusingtheresultofthecomputationofEuclideandistance
d( ) ;

4. Recalculatethenewcenterofeachclusterbythisequationaveragingallofpixelsinthecluster:

c
k

p x y
k

y c x ck k

= ( )
∈ ∈
∑∑
1

,  (2)

5. Repeatthepreviousprocessuntilthevalueoftheclustercenterisfixedandtherearenochanges
inthecontentofeachclusterofpoints.

InspiteoftheadvantagesoftheK-meansthatarerepresentedbyitshighefficiencyandeasy
implementation,butithassomedisadvantages.Thefirstchoiceofthecenterisrandomsothefinal
resultofclusterchangeswithchangesthefirstchoicevalueofcenter.Sotheinitialcentermustbe
carefullychosentogetthebestresultofsegmentation.

otsu Threshold Algorithm
OtsuthresholdisthesecondstepofimagesegmentationthatapplyingafterK-meansit isatype
ofglobalthresholdthatbasedonautomaticthresholdselectionregion.Otsuthresholdisdepends
onlyongrayvalueof the imagewhich,separate image into twoclasses,namelyforegroundand
background.Hence, it isnecessarytoselectanacceptablegraylevel thresholdtoextractobjects
fromtheirbackground.

Morphology Processing
Thegoalofusemorphologyprocessingistoenhancetheoutputofthesegmentationprocess.The
resultingofsegmentedimagestillcontainssomenoise,sotogetanoise-freeimagemorphological
operationisapplied.Afterthatextractobjectsfrombinaryimageaccordingtoitssize.

Proposed Model and Steps
Theproposedmethodconsistsofthefollowingstepssuccessively:colorimageacquisition,convert
RGBimageintoHSVimage,andthenextractSchannelandsegmentationdonebyK-meansclustering
algorithmandOtsuthresholdthenimagemorphologyisappliedtoremovalnoiseandthenextract
largestobjectfrombinaryimagethatrepresenttheROI.Accordingtokvaluethenumberofcluster
isdeterminedandthecenterofeachcluster,whichistheinitialvalueofcenter.Asaresultofusing
K-meansalgorithm,theimagewillbesegmentedintothreeclustersthentheOtsuthresholdisusedas
secondlevelofsegmentation.Theimageofsegmentationcontainingsomenoise,sothemorphology
operationisappliedthenextractsROI.TheproposedalgorithmisfollowedasshowinFigure1.

InFigure1, thefirststep is the imageof leukemiabloodcellacquisition thenconvertRGB
imagetoHSVcolorspaceandextractSchannel.Afterward,asegmentationprocessisappliedusing
K-meansandOtsuthresholdonSchanneltheoutputofsegmentationhaveunwantedregion.Thus,
themorphologyoperationisappliedtoextractthelargestobjectfrombinaryimagewhichisblast
cellandalsotheROI.

Fuzzy C-Means Clustering Algorithm
Fuzzyc-means(FCM)holdsthesamebasicideaoftheimagesegmentationthroughfindcluster
centersbyiterativeprocessing,butFCMallowsfindingthesamedatapointinmorethanoneCluster
(Zhouetal.,2009;Vaniaetal.,2017).Suchprocessallowstheobjecttobelongtomultiplesclusters
withdifferenceindegreesofmembership.itdependonminimizetheobjectfunctionJ

FCM
:
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J u d x v
FCM

k

n

i

c

ik

q

k i
= ( ) ( )

= =
∑∑
1 1

2 ,  (3)

whereX = x x x
n1 2

, , .,…{ } isallobjectinimage,andn isthenumberofobjects,C isnumberof
clusters,where(2≤c <n ),u

ik
ismembershipdegreethattellswhichelement x

k
belongstothe

ith cluster,itisanumericalvaluein[0,1],q isaweightingexponentinmembership,andd x v
k i

2 ,( ) 
isadistancemeasurebetweenobject x

k
andclustercenterv

i
.ThestepsofFCMalgorithmcanbe

summarizedasfollows:

1. Selectthenumberofcluster c( ) ,fuzzinessparameter q( ) andstopcondition ε( ) ;
2. Calculatethefuzzyclustercentersv

i
withu

ik
:

v
u x

u
i
b ik

b q
kk

n

ik
b q

k

n

( )

( )

( )

( )

( )
= =

=

∑
∑

1

1

 (4)

3. Calculatethemembershipu b+( )1 byusingv
i
;

4. If u u
b b( ) +( )− 1 < ε ,stop.Otherwise,setb b= +1 andgotostep2.

PRoPoSEd ModEL ANd STEPS

Theproposedsystem thatusedFCMtosegmentmedical imageconsistsof several steps,which
followasshowinFigure2.

Figure2illustratesthecolorimageacquisition,conversionofRGBimageintograyimageand
thesegmentationusingtheFCMclusteringalgorithmusingsixclusters.Thesegmentedimagestill
containssomenoise,so,themorphologyoperationisapplyinginittoremovenoiseandunwanted
region.Inthepresentwork,image’scontrastwasadjusted,andthenextractedthelargestobjectfrom
binaryimagewhichisblastcellandalsotheROI.

Figure 1. Proposed algorithm of k-means
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RESULTS ANd dISCUSSIoN

Inthispaper,theMATLABsoftwareisusedintheproposedalgorithm.Thetwodifferentclustering-
basedsegmentationtechniqueswerecomparedandappliedforleukemiadetectiontoseparatethe
ROIfrombackground.TheresultofthesegmentationisdemonstratedbySandthegoldstandardby
ground-truth(GT)inthefollowingdepictionofthemeasures(Taha,&Hanbury,2015).Themeasured
performancemetricsaredefinedasfollows.

ThesensitivitywhichcalculatesthenumberofpositivepixelsintheGTisdefinedas:

Sensitivity= TP

TN FN+
 (5)

Thespecificitymeasuresthealgorithmsensitivitytocorrectpixeldetection,whichisgivenby:

Specificity= TN

TN FP+
 (6)

Theaccuracyofthesegmentationprocessisalsomeasuredusingthefollowingexpression:

Accuracy= TP TN

TP TN FP FN

+
+ + +

 (7)

Thedicecoefficientmeasurestheextenttowhichtwobinaryimagesoverlapinspace,which
isgivenby:

Dice=
2 S GT

S GT

∩

+
 (8)

TheJaccardindexisutilizedtocalculatetheoverlapofthejoiningdividedbytheunionoftwo
sets,whichisgivenby:

Figure 2. Proposed algorithm of FCM
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Jac=
S GT

S GT

∩

∪
 (9)

TheprecedingmetricsweremeasuredtoevaluatetheK-meansandFCMforsegmentingthe
leukemiaimages.Table1reportedacomparisonstudybetweenthemeasuredmetrics.

Inaddition,Figure3illustratedtheaverageofthemeasuredmetricsusingtheused40images
dataset.

Figure3demonstratedtheaveragevaluesofaccuracy,specificity,sensitivity,Dice,andJacusing
threeclusterswiththek-meansandsixclusterswithFCM,wherethesenumbersofclusterswere
determinedbytrialanderrortoobtainthebestperformancewitheachmethod.

Theresultsshowthatk-meanshasbetterperformance in leukemiabloodcellssegmentation
comparedtotheFCMintermsoftherequirednumberofclustersaswellasthevaluesofthemeasured
metrics.Theaverageaccuracy,specificityandsensitivityofk-meanswere99.8%,99.97%,and87%,
respectively;inaddition,thesamemetricswere99.6%,99.94%,and78.9%,respectively,usingthe
FCM.Therefore,theK-meansclusteralgorithmhashighersegmentationaccuracycomparedtoFCM
clusteralgorithm.Inaddition,thek-meansrequireslesscomputationaltimeasitrequireslessnumber
ofclusterscomparedtotherequirednumberofclustersbytheFCM.

Table 1. Comparison of the result segmentation between K-means and FCM for ten images from the used dataset

Image ID Method JAC DICE SEN SPEC ACC

Image1 K-means 0.807197 0.893314 0.809768 0.999955 0.997297

FCM 0.503181 0.669489 0.503805 0.999982 0.993049

Image2 K-means 0.896912 0.945655 0.919105 0.99974 0.998902

FCM 0.864183 0.927144 0.888651 0.999703 0.998549

Image3 K-means 0.885123 0.939061 0.890389 0.999935 0.998751

FCM 0.890653 0.942165 0.898398 0.999905 0.998808

Image4 K-means 0.876898 0.934412 0.881439 0.999953 0.998877

FCM 0.883866 0.938353 0.889888 0.999938 0.998939

Image5 K-means 0.857777 0.923445 0.875657 0.999712 0.998019

FCM 0.811721 0.896077 0.825992 0.999757 0.997386

Image6 K-means 0.945167 0.971811 0.9595 0.999787 0.999229

FCM 0.903343 0.949217 0.930419 0.999579 0.99862

Image7 K-means 0.883471 0.938131 0.913589 0.99964 0.998741

FCM 0.886441 0.939803 0.924006 0.999553 0.998764

Image8 K-means 0.882126 0.937372 0.910791 0.999736 0.999018

FCM 0.879844 0.936082 0.897915 0.999833 0.999011

Image9 K-means 0.87251 0.931915 0.88941 0.999845 0.998971

FCM 0.888546 0.940984 0.899094 0.999905 0.999107

Image10 K-means 0.850335 0.919115 0.879363 0.999668 0.998509

FCM 0.84005 0.913073 0.861396 0.999753 0.99842
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CoNCLUSIoN

In this paper, the unsupervised approach for segmentation of medical images, i.e. cluster-based
algorithmswasproposed.Differentimageswereemployedtoevaluatetheusedclusteringtechniques,
namelyk-meansandfuzzyc-means.Theefficiencyoftwoalgorithmswasdeterminedusingdifferent
segmentationevaluationmetrics,includingaccuracy,specificity,sensitivity,Dice,andJac.

Thecomputationalresultsintermsoftherequirednumberofclustersprovedthesuperiorityof
thek-meanswhichrequireshalfnumberofclustersusedbytheFCM.Inaddition,thek-meansproved
itshighaccuracycomparedtotheFCMforleukemiaimagessegmentation.Accordingly,owingto
thesuperiorityofthek-meansitissuggestedtoapplyitwithfurtherclassificationprocedureswhich
werereportedin(Virmanietal.,2016;Horeetal.,2016;Sabaetal.,2016;Sambyal,&Abrol,2016;
Dey,&Ashour,2016;Ahmedetal.,2017;Lietal.,2017;Azzabietal.,2017;AlShahranietal.,2017;
Khachaneetal.,2017).Inaddition,itisrecommendedtocombinebothalgorithmstoovercomethe
drawbacksoftheFCM.

Figure 3. Comparative results of average of performance metrics using k-means and FCM
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