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Abstract

We presenta methodfor segmentationof cells from color
imagesof bloodsmeasin theframework of statisticalmod-
eling. The2-part approach resultsin locating eac of the
white blood cells (WBC) and identifying the regions cor-
respondingo the nucleusand the cytoplasmin the given
blood smear ThegivenRGBimage is first corvertedto its
Hue (H), Satuation (S), Value (V) equivalent. Each pixel
is treatedas a vector of the three dimensionsnamelyH,
S and V. The componentsre weightedto give more im-
portanceto the mostdistinguishingfeatues. We segment
by modelingead of the above mentionedegionsby a dis-
tinct 3-D Gaussiandistribution. In the first step,K-means
clusteringis performedon the 3-D featue vectoss. Thisre-
sultsin partitioning of the image into distinctregions. The
centoids and the variancesobtainedin the K-meansstep
are usedto initialize Gaussiarparametes for Expectation-
Maximization(EM) algorithm. The EM algorithm iterates
betweersggmentatiorandparameterestimatiortill corver
gence Atotal of 115imagesof smeaswere analyzedising
our algorithmandsuccessfutegmentationwasachievedin
80% of the cells containedin the images. Themostimpor-
tantfeature of thistechniqueis thatthere are no parametes
to betunedbytheuser

Keywords: Color imageprocessingblood cells, sgmen-
tation, EM algorithm,Clustering.

1 Intr oduction

To automateanalysisof Leukaemicdiseasesautomated
blood cell sggmentatiomeedso be accomplished A typ-
ical blood smearconsistsof white blood cells (WBC), red
blood cells (RBC), plasmaand platelets. The goal of sey-
mentationis to locatethe WBCsandto marktheir nucleus
andcytoplasmregions. Thiswill facilitatetheir furtherpro-
cessingo classifythemasbelongingto aparticularclass,or
declaringthemto be eitherhealthyor diseased The accu-
racy of sggmentationis crucialsincethesubsequergtepsn
theanalysisdepencbnit. Numerouseggmentatiormethods
have beenproposedor digitized cell imagesof peripheral
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bloodor bonemarrav smears.

Dorin Comaniciuet al. [1] use non-Gaussiartlusters
in LUV color space.Their cell sgmentatioralgorithmde-
tectsclustersin theL U V color spaceanddelineategheir
bordersby employing the gradientascentmeanshift pro-
cedure. Park [2] hascarried out sggmentationusing Wa-
tershedalgorithm. The nuclei of the WBCs areidentified
basedon their size. Thisis followed by snale algorithmin
orderto draw thecell boundary Methodicalthresholdingof
the histogramis usedto eliminatethe background A tech-
nigue basedon edgedetectionis proposedby Ravi et al.
[6]. Here,thenucleusis sggmentedbasecbn the edgeshat
areeffectively detectedy TeageEnegy operatoiproposed
by Kaiser Cytoplasmis seggmentedusing selectve math-
ematicalmorphology Katz [5] suggestsxtraction of the
region of interestfrom a largerimagearoundthresholded
cell nuclei. The sggmentationof thatimageinto cell and
non-cellregionsis carriedout using Canry edgedetection
followed by a circle identificationalgorithm. Wermseret
al. [4] have introduceda hierarchicalthresholdingscheme
usingapriori informationregardingchromaticpropertieof
backgroundandcell components.Kovalev etal. [9] have
proposeda three-step algorithm to segmentwhite blood
cells,employing prior knowledgeof color informationand
usingacircle-shapedpproximationCsele [3] investigated
the multi-stepsegmentatiorschemewhich implementghe
automatiahresholdingnethodsuggestedy Otsu[7].

Theperformancef ary of theabove sggmentatiortech-
nigueswill belimited by oneor moreof the following fac-
tors: significant case-specifialistinctionsin blood smear
preparation,smearstaining and image acquisitioncondi-
tions. Further mosttechniquesnentionedhereare sensi-
tive to theright selectionof parametersuchas,threshold,
mask-sizeandinitial contour Also, the assumptiorof cir-
cular shapeis untenablein the caseof mostof the abnor
mal cells. Hence,we devise a robusttechniquefree from
the above assumptiongndthe needfor userinteractionto
tuneparametersin this paper we reportthattwo-partseg-
mentationschemehat enableausto distinguishthe WBC-
cytoplasmand nucleusfrom the input image of a blood
smear
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2 Segmentationscheme

Fig. 1 shavs the schematicof the proposedsegmentation
scheme.Our approactto sggmentationis color-based.We
first locatethe nucleiof the cellsusingK-meansclustering
on the HSV equialentof theimage. We thencrop a rect-
angularregion aroundit that encompassethe entire cell.
Thisis shavn in Fig. 1a. Subsequenprocessings carried
out on the HSV equivalentof thesesub-images K-means
clustering followedby EM-algorithmareusedto getthefi-
nal segmentatiorof the cytoplasmandthe nucleusregions.
Protrusiorof neighboringcellsis removedusingConnected
Componenfnalysis. Thisis shavnin Fig. 1b.

The histogramof the S-image(seeFig. 2a.) shows the
distinctmodescorrespondindo eachof the regionsin the
blood-smear The WBC-nucleuscan be easily identified
by the high valuesof saturation.In mostcasesthe WBC-
cytoplasmoccupiesthe next level of saturation. However,
theambiguitycanberesohedusingthe spatialinformation
thatthecytoplasmis in immediatecontactwith thenucleus.
Theimageis corvertedto its HSV equivalentusingthefol-
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Figure 2: (a) Original histogram(b) correspondingsaus-
sianfit

lowing equations:
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Eachpixel in the imageis representedby a vectorof 3
componentsnamelyH, S andV. Sincethe S-component
playsamoreconspicuoupart,we haveweightedt by afac-
tor of 2, while the othertwo featuresaregivenunit weigh-
tage. K-Meansclusteringis performedon this collection
of vectors. We have used6 clustersin our experiments.
Thecentroidsareinitialized by finding the meanvectorand
looking for thoseK-vectorsthatarefarthesfrom themean.
Euclideandistancein the featurespaces usedasthe mea-
sureof dissimilarity The corvergencecriteria is that the



differencein the centroidsin successie iterationsis less
thana pre-definedhreshold.At the endof thisrun, we get
a classlabel for eachof the pixels, and the centroidsfor
eachof theclasses.

A priori knowledgehelpsus concludethat the centroid
with maximumsaturationcorrespond$o nucleus.We then
crop a rectangularregion, surroundingthe nucleus,of suf-
ficient areaso asto enclosethe entirecell. Thusa setof
sub-imagesgachcontainingonly oneWBC, is obtained.

Further processingof eachof the sub-imagesnvolves
two steps: (i) Initial estimationof parametersusing K-
meang(ii) Refinemenbf parametersisingeEM

2.1 Initial Estimation using K-Means

Eachsub-imagés separatelyprocessedFirst, theimageis
corvertedto its HSV components.K-meansclusteringis
carriedoutonthe HSV-vectors.Repetitionof theclustering
stepon the small datasetresultsin tighter clusterswithin
the region. We obtaina classlabel for eachof the pixels,
andthe centroidsfor eachof theclasses.

We model eachof the clustersby a Gaussiardistribu-
tion. Theinitial valuesof the parametersf the normaldis-
tributioncanbecomputedisingtheclustersobtainedoy the
K-meansalgorithm. For the kth cluster the meanis given

by:
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where, z; is every 3-D vector that belongsto the kth
cluster uy is the meanvector and ny, is the number of
vectorsin the kth cluster

Sincethe threefeaturesH, S andV are independent,
the off-diagonalelementsf their covariancematrix canbe
takenaszero.Henceonly the self-covarianceof eachof the
dimensionseedto be computed. For the kth cluster the
dth diagonalelementbf the covariancematrix is givenby:
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where,n;, is the numberof vectorsin the kth cluster z;4
is the d-th dimensionof the ith vectorand jiz4 is the dth
dimensionof themeanvectorof clusterk.

Thevaluesof centroidsandvariancesbtainedfrom the
K-meansstepareusedastheinitial estimate®f the param-
eters. Thesevaluesarerefinedin the subsequenstep. The
EM algorithm[8] is employedasfollows.

2.2 Parameter-refinementusing EM

The EM algorithmconsistsof two major steps:an Expec-
tationstep,followedby a Maximizationstep. The Expecta-

tion is with respecto theunknovnunderlyingvariablesps-
ing the currentestimateof the parametersndconditioned
upon the obsenations. The Maximization stepthen pro-
videsa new estimateof the parameters.Thesetwo steps
areiterateduntil corvergence. The following sub-sections
explainin detailthe E andM stepsin our algorithm.

2.2.1 TheE Step:

The E stepcomputeghe probability S;; associateavith la-
belingtheith pixel, z; asbelongingto the kth cluster
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where,C* is the covariancematrix associateavith clus-
ter k, uy is the meanvector of clusterk, ¢« and k take
valuesl,2...N and1,2... K, respectiely. Here N =
width x height and K =Numberof clusters.

2.2.2 TheM step:

The M-steprefinesthe modelparametergiventhe cluster
ing arrivedat E-step.
Theweightedmeanof the kth clusteris updateds:
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The weightedself-correlationof the dth featurein the
kth clusteris updatedas:
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where,z;4 is thedth dimensiorof theith vectorand,iyq
is thedth dimensionof themeanvectorof clusterk.
Both E andM-stepsarecarriedout iteratively. The corver-
gencecriteriais takenas,
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Thresholdingeach of the distributions resultsin one
region being capturedin eachdistribution. Our a priori
knowledgeof the relevant regionshelpsus associatehem
with theGaussianlistributionsobtained As mentionedear
lier, thenucleus-rgion hasthe highestvaluesof saturation.
Hencethe Gaussiardistribution whosemeanvectorhasthe
highestsaturatiorcomponents identifiedascorresponding
to the nucleus.To find the cytoplasm we look for the clus-
ter with maximumnumberof pixelsin immediatecontact
with thenucleus.Fig. 2. compareghe histogramof a typi-
cal S-componenimageandthe correspondingsaussiariit.
Themodelparameterareobtainedby the EM algorithm.
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Figure3: (a) Inputimage(b) Saturatioimage(c) K-Means
Output(d) EM-Output
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Figure 4: (a) Protrusionsof Neighboringcells (b) Image
clearedusingConnectedomponentnalysis

The entire sequencef processingf atypical imageis
shavnin Fig. 3. The outputmay needa smootheningro-
cessto eliminatespecksof mis-classificationif ary. This
can be accomplishedusing morphological operationsof
open-close Besides strayinstancef plateletsmight ap-
pear whosecoloring patternresembleshoseof the WBCs.
Theseareeliminatedon the basisof the minimumexpected
size.Thecroppedrectangulapatchmight have protrusions
of neighboringcellsalongwith the cell in the center asil-
lustratedin Fig. 4(a). To eliminatetheseprotrusionscon-
nectedcomponentinalysisis performed.This helpsusre-
tainthecell in the centerandignoretherest(seeFig. 4(b)).

3 Results

The proposedschemehasbeenappliedon 115 peripheral
blood smearslides, stainedusing May-Grunwald-Giesma
(MGG) staingot from the collaboratingclinic of the Uni-
versity of KaiserslauternGGermary. Typical sizeof theim-
ageshandledis 1000 x 1300. Shown in Fig. 5(a)is an
imageof abloodsmearcontaining2 neutrophilsandalym-
phog/te. The sggmentedoutputsobtainedare illustrated
in Figs. 5, 6 and7. Theratio of the cytoplasm-pixelsto
that of the entireimageis very low. To avoid the possi-
ble memging of the cytoplasmwith a more-dominantluster
we choosethe numberof clustersbeyondthe obviousones,
which arethe RBCs,background\WBC-cytoplasmandthe
WBC-nucleus. As canbe seen,the imagedoesnt exhibit
very good contrastbetweenthe backgroundand the cyto-
plasmof the WBCs. Our techniquesuccessfullysggments
theimageasshawn by theoutputs.

For cellswith granulesin the cytoplasm.,it is obsened
that the granulesdon't get coloredhomogeneously The
shadingcauseghe lower endsof the granulesto be clus-
teredtogether and the higher endsof the granulesto be
separatelclustered. However, smootheningf the output
helpsusrecover the entire cytoplasm. We have obtaineda
segmentatioraccuray (manualkementatiorcarriedoutby
anexpert,is takenasthereferencepf about80%onourim-
agedatasebf 115imagescontainingvarioustypesof cells,
with varyingdegreesof colorcontrasbetweerthecellsand
thebackground.

For our calculationsall input valuesare betweer0 and
1. It takesabout20iterationsfor the EM-algorithmto con-
vergeto anerrorthresholdof 0.00001.In casesvheretwo
non-touchingcells appearin the samerectangularpatch,
careis takento retainonly oneat a time. However, if the
cellshapperto betouching,our systemdoesnt distinguish
themastwo differentcells. This would needthe cellsto be
recognizedasclusteredandadeclusteringechniqueneeds
to besubsequentlysed.

4 Conclusions

We have developedan efficient automaticsystemfor blood
cell sgmentatiorfrom colorimagesof blood smears.This
systemrequiresno userinteractionor parametertuning,
which clearly placesit abose mosttechniquesornvention-
ally used. The systemcanbe easilyadaptedor ary given
datasetwith aknown magnification We utilize thefactthat
the nucleusexhibits maximum saturationfor locating the
WBC cells. The systemworks evenwhenthe contrastbe-
tweenthe backgroundandthe cytoplasmis not perceptible.
The performancds good evenin casesvherethe nucleus
is multi-lobed, asin neutrophils. However, the technique
needso be enhancedo handleclusteredcells, to be clini-
cally used.
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Figure5: (a) InputImageof the Blood Smear(b) Croppedmageof oneof the cells (c) NucleusMask (d) Cell-Nucleus(e)
CytoplasmMask(f) Cell-Cytoplasm
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Figure6: (a) SgmentatiorOutputs-Examplé
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