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Abstract

We presenta methodfor segmentationof cells from color
imagesof bloodsmearsin theframeworkof statisticalmod-
eling. The2-part approach resultsin locating each of the
white blood cells (WBC) and identifying the regions cor-
respondingto the nucleusand the cytoplasm,in the given
bloodsmear. ThegivenRGBimage is first convertedto its
Hue (H), Saturation (S),Value (V) equivalent.Each pixel
is treatedas a vector of the three dimensionsnamelyH,
S and V. The componentsare weightedto give more im-
portanceto the mostdistinguishingfeatures. We segment
by modelingeach of theabovementionedregionsby a dis-
tinct 3-D Gaussiandistribution. In the first step,K-means
clusteringis performedon the3-D featurevectors. Thisre-
sultsin partitioning of the image into distinct regions. The
centroids and the variancesobtainedin the K-meansstep
areusedto initialize Gaussianparameters for Expectation-
Maximization(EM) algorithm. TheEM algorithm iterates
betweensegmentationandparameterestimationtill conver-
gence. A total of 115imagesof smearswereanalyzedusing
our algorithmandsuccessfulsegmentationwasachievedin
80%of thecellscontainedin the images. Themostimpor-
tant featureof this techniqueis that therearenoparameters
to betunedby theuser.
Keywords: Color imageprocessing,blood cells, segmen-
tation,EM algorithm,Clustering.

1 Intr oduction

To automateanalysisof Leukaemicdiseases,automated
bloodcell segmentationneedsto beaccomplished.A typ-
ical blood smearconsistsof white blood cells (WBC), red
blood cells (RBC), plasmaandplatelets.The goal of seg-
mentationis to locatetheWBCsandto mark their nucleus
andcytoplasmregions.Thiswill facilitatetheir furtherpro-
cessingto classifythemasbelongingto aparticularclass,or
declaringthemto beeitherhealthyor diseased.The accu-
racy of segmentationis crucialsincethesubsequentstepsin
theanalysisdependon it. Numeroussegmentationmethods
have beenproposedfor digitizedcell imagesof peripheral

bloodor bonemarrow smears.

Dorin Comaniciuet al. [1] usenon-Gaussianclusters
in LUV color space.Their cell segmentationalgorithmde-
tectsclustersin theL U V color spaceanddelineatestheir
bordersby employing the gradientascentmeanshift pro-
cedure. Park [2] hascarriedout segmentationusing Wa-
tershedalgorithm. The nuclei of the WBCs are identified
basedon their size. This is followedby snake algorithmin
orderto draw thecell boundary. Methodicalthresholdingof
thehistogramis usedto eliminatethebackground.A tech-
nique basedon edgedetectionis proposedby Ravi et al.
[6]. Here,thenucleusis segmentedbasedon theedgesthat
areeffectivelydetectedby TeagerEnergyoperatorproposed
by Kaiser. Cytoplasmis segmentedusingselective math-
ematicalmorphology. Katz [5] suggestsextractionof the
region of interestfrom a larger imagearoundthresholded
cell nuclei. The segmentationof that imageinto cell and
non-cellregionsis carriedout usingCanny edgedetection
followed by a circle identificationalgorithm. Wermseret
al. [4] have introduceda hierarchicalthresholdingscheme
usingapriori informationregardingchromaticpropertiesof
backgroundandcell components.Kovalev et al. [9] have
proposeda three-stepalgorithm to segmentwhite blood
cells,employing prior knowledgeof color informationand
usingacircle-shapedapproximation,Cseke[3] investigated
themulti-stepsegmentationscheme,which implementsthe
automaticthresholdingmethodsuggestedby Otsu[7].

Theperformanceof any of theabovesegmentationtech-
niqueswill belimited by oneor moreof thefollowing fac-
tors: significantcase-specificdistinctionsin blood smear
preparation,smearstainingand image acquisitioncondi-
tions. Further, most techniquesmentionedherearesensi-
tive to the right selectionof parameterssuchas,threshold,
mask-sizeandinitial contour. Also, the assumptionof cir-
cular shapeis untenablein the caseof mostof the abnor-
mal cells. Hence,we devise a robust techniquefree from
theabove assumptionsandthe needfor user-interactionto
tuneparameters.In this paper, we reportthat two-partseg-
mentationschemethatenablesus to distinguishtheWBC-
cytoplasmand nucleusfrom the input image of a blood
smear.
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Figure1: SystemOverview (a)Stage1 (b) Stage2

2 Segmentationscheme

Fig. 1 shows the schematicof the proposedsegmentation
scheme.Our approachto segmentationis color-based.We
first locatethenucleiof thecellsusingK-meansclustering
on the HSV equivalentof the image. We thencropa rect-
angularregion aroundit that encompassesthe entire cell.
This is shown in Fig. 1a. Subsequentprocessingis carried
out on the HSV equivalentof thesesub-images.K-means
clustering,followedby EM-algorithmareusedto getthefi-
nal segmentationof thecytoplasmandthenucleusregions.
Protrusionof neighboringcellsis removedusingConnected
ComponentAnalysis.This is shown in Fig. 1b.

The histogramof the S-image(seeFig. 2a.) shows the
distinct modescorrespondingto eachof the regionsin the
blood-smear. The WBC-nucleuscan be easily identified
by thehigh valuesof saturation.In mostcases,theWBC-
cytoplasmoccupiesthe next level of saturation.However,
theambiguitycanberesolvedusingthespatialinformation
thatthecytoplasmis in immediatecontactwith thenucleus.
Theimageis convertedto its HSV equivalentusingthefol-
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Figure2: (a) Original histogram(b) correspondingGaus-
sianfit
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Eachpixel in the imageis representedby a vectorof 3
components,namelyH, S and V. Sincethe S-component
playsamoreconspicuouspart,wehaveweightedit byafac-
tor of 2, while theothertwo featuresaregivenunit weigh-
tage. K-Meansclusteringis performedon this collection
of vectors. We have used6 clustersin our experiments.
Thecentroidsareinitializedby findingthemeanvectorand
looking for thoseK-vectorsthatarefarthestfrom themean.
Euclideandistancein the featurespaceis usedasthemea-
sureof dissimilarity. The convergencecriteria is that the



differencein the centroidsin successive iterationsis less
thana pre-definedthreshold.At theendof this run,we get
a classlabel for eachof the pixels, and the centroidsfor
eachof theclasses.

A priori knowledgehelpsus concludethat the centroid
with maximumsaturationcorrespondsto nucleus.We then
cropa rectangularregion, surroundingthe nucleus,of suf-
ficient areaso as to enclosethe entirecell. Thusa setof
sub-images,eachcontainingonly oneWBC, is obtained.

Furtherprocessingof eachof the sub-imagesinvolves
two steps: (i) Initial estimationof parametersusing K-
means(ii) Refinementof parametersusingEM

2.1 Initial Estimation usingK-Means

Eachsub-imageis separatelyprocessed.First, theimageis
convertedto its HSV components.K-meansclusteringis
carriedoutontheHSV-vectors.Repetitionof theclustering
stepon the small dataset resultsin tighter clusterswithin
the region. We obtaina classlabel for eachof the pixels,
andthecentroidsfor eachof theclasses.

We model eachof the clustersby a Gaussiandistribu-
tion. Theinitial valuesof theparametersof thenormaldis-
tributioncanbecomputedusingtheclustersobtainedby the
K-meansalgorithm. For the = th cluster, themeanis given
by: >)? � +@ ?.ACBD E�F �HG E (4)

where, G E is every 3-D vector that belongsto the = th
cluster,

>)?
is the meanvector and @ ? is the numberof

vectorsin the = th cluster.

Since the three featuresH, S and V are independent,
theoff-diagonalelementsof their covariancematrix canbe
takenaszero.Henceonly theself-covarianceof eachof the
dimensionsneedto be computed.For the = th cluster, theI
th diagonalelementof thecovariancematrix is givenby:J ?KLK � +@ ? A BD EMF � � G E K �

>)? K � � (5)

where, @ ? is the numberof vectorsin the = th cluster, G E Kis the
I
-th dimensionof the N th vectorand O>)? K is the

I
th

dimensionof themeanvectorof cluster = .
Thevaluesof centroidsandvariancesobtainedfrom the

K-meansstepareusedastheinitial estimatesof theparam-
eters.Thesevaluesarerefinedin thesubsequentstep.The
EM algorithm[8] is employedasfollows.

2.2 Parameter-refinementusingEM

TheEM algorithmconsistsof two major steps:an Expec-
tationstep,followedby a Maximizationstep.TheExpecta-

tion is with respectto theunknownunderlyingvariables,us-
ing the currentestimateof the parametersandconditioned
upon the observations. The Maximization stepthen pro-
vides a new estimateof the parameters.Thesetwo steps
areiterateduntil convergence.The following sub-sections
explain in detailtheE andM stepsin our algorithm.

2.2.1 The E Step:

TheE stepcomputestheprobability
* E ?

associatedwith la-
belingthe N th pixel, G E asbelongingto the = th cluster,* E ? � +PRQTS U ? S�V'�W 	 &'YXMZY[ 	�\ B�]�^ ��_ B �a` & XbZY[ 	�\ BL] (6)

where,
J ?

is thecovariancematrixassociatedwith clus-
ter = , > ? is the meanvector of cluster = , N and = take
values

+ 6 Pdc
cecgf and
+ 6 Pdc
cecih , respectively. Here

f �j N ICkglnmnl W Npo lqk and
h �

Numberof clusters.

2.2.2 The M step:

TheM-steprefinesthemodelparametersgiventhecluster-
ing arrivedat E-step.

Theweightedmeanof the = th clusteris updatedas:O> ? �sr A BE�F � * E
?
G Er A BE�F � * E ? (7)

The weightedself-correlationof the
I
th featurein the= th clusteris updatedas:tJ ?KLK �sr ACBEMF � * E ? � G E K � O

>)? K � �r ACBEMF � * E ? (8)

where,G E K is the
I
th dimensionof the N th vectorand O>)? K

is the
I
th dimensionof themeanvectorof cluster = .

Both E andM-stepsarecarriedout iteratively. Theconver-
gencecriteriais takenas,S O> X ACu � ]? � O> X A ]? Swv;x lqy W{z l�|R}�I (9)

Thresholdingeach of the distributions results in one
region being capturedin eachdistribution. Our a priori
knowledgeof the relevant regionshelpsus associatethem
with theGaussiandistributionsobtained.As mentionedear-
lier, thenucleus-regionhasthehighestvaluesof saturation.
HencetheGaussiandistributionwhosemeanvectorhasthe
highestsaturationcomponentis identifiedascorresponding
to thenucleus.To find thecytoplasm,we look for theclus-
ter with maximumnumberof pixels in immediatecontact
with thenucleus.Fig. 2. comparesthehistogramof a typi-
calS-componentimageandthecorrespondingGaussianfit.
Themodelparametersareobtainedby theEM algorithm.
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Figure3: (a) InputImage(b) SaturationImage(c) K-Means
Output(d) EM-Output

(a) (b)

Figure 4: (a) Protrusionsof Neighboringcells (b) Image
clearedusingConnectedcomponentanalysis

The entiresequenceof processingof a typical imageis
shown in Fig. 3. Theoutputmayneeda smootheningpro-
cessto eliminatespecksof mis-classification,if any. This
can be accomplishedusing morphologicaloperationsof
open-close.Besides,strayinstancesof plateletsmight ap-
pear, whosecoloringpatternresemblesthoseof theWBCs.
Theseareeliminatedon thebasisof theminimumexpected
size.Thecroppedrectangularpatchmighthaveprotrusions
of neighboringcellsalongwith thecell in thecenter, asil-
lustratedin Fig. 4(a). To eliminatetheseprotrusions,con-
nectedcomponentanalysisis performed.This helpsusre-
tain thecell in thecenterandignoretherest(seeFig. 4(b)).

3 Results
The proposedschemehasbeenappliedon 115 peripheral
blood smearslides,stainedusing May-Grunwald-Giesma
(MGG) staingot from the collaboratingclinic of the Uni-
versityof Kaiserslautern,Germany. Typical sizeof theim-
ageshandledis

+e~�~C~ m + - ~C~ . Shown in Fig. 5(a) is an
imageof abloodsmearcontaining2 neutrophilsanda lym-
phocyte. The segmentedoutputsobtainedare illustrated
in Figs. 5, 6 and7. The ratio of the cytoplasm-pixels to
that of the entire imageis very low. To avoid the possi-
blemergingof thecytoplasmwith amore-dominantcluster,
wechoosethenumberof clustersbeyondtheobviousones,
which aretheRBCs,background,WBC-cytoplasmandthe
WBC-nucleus.As canbe seen,the imagedoesn’t exhibit
very goodcontrastbetweenthe backgroundand the cyto-
plasmof the WBCs. Our techniquesuccessfullysegments
theimageasshown by theoutputs.

For cells with granulesin the cytoplasm,it is observed
that the granulesdon’t get coloredhomogeneously. The
shadingcausesthe lower endsof the granulesto be clus-
teredtogether, and the higher endsof the granulesto be
separatelyclustered.However, smootheningof the output
helpsus recover theentirecytoplasm.We have obtaineda
segmentationaccuracy (manualsegmentationcarriedoutby
anexpert,is takenasthereference)of about80%onourim-
agedatasetof 115imagescontainingvarioustypesof cells,
with varyingdegreesof colorcontrastbetweenthecellsand
thebackground.

For our calculations,all input valuesarebetween0 and
1. It takesabout20 iterationsfor theEM-algorithmto con-
vergeto anerror thresholdof 0.00001.In caseswheretwo
non-touchingcells appearin the samerectangularpatch,
careis taken to retainonly oneat a time. However, if the
cellshappento betouching,our systemdoesn’t distinguish
themastwo differentcells. This would needthecellsto be
recognizedasclustered,andadeclusteringtechniqueneeds
to besubsequentlyused.

4 Conclusions
We have developedanefficient automaticsystemfor blood
cell segmentationfrom color imagesof bloodsmears.This
systemrequiresno user-interactionor parametertuning,
which clearly placesit above mosttechniquesconvention-
ally used.Thesystemcanbe easilyadaptedfor any given
datasetwith aknown magnification.Weutilize thefactthat
the nucleusexhibits maximumsaturationfor locating the
WBC cells. The systemworksevenwhenthecontrastbe-
tweenthebackgroundandthecytoplasmis not perceptible.
The performanceis goodeven in caseswherethe nucleus
is multi-lobed,as in neutrophils. However, the technique
needsto beenhancedto handleclusteredcells, to beclini-
cally used.
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Figure5: (a) Input Imageof theBlood Smear(b) Croppedimageof oneof thecells(c) NucleusMask(d) Cell-Nucleus(e)
CytoplasmMask(f) Cell-Cytoplasm
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Figure6: (a)SegmentationOutputs-Example2
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