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ABSTRACT

Currentcontent-baseiinageretrieval techniquegantypically per
form efficient andeffective searchesn heterogeneousnagedata-
bases.This contritution dealswith an approactbasedon theinte-
grationof color andtexture descriptionwhich is appliedto a very
homogeneoudatabaseabloodimagebank. Thecontenof images
is very similar andthereforeit becomesmperatve to usevery pre-
cise descriptors:the color is describedy classicalcolor distribu-
tions (histogramspndfor thetexture, we introducethe morpholog-
ical color sizedistributions. The similarity is measuredby comput-
ing distancemetricsbetweenhistograms.In orderto increasethe
accurag of retrieval, the resultsof colorbasedand texture-based
retrieval are integratedby combiningthe associatedlissimilarity
values. The effects of differentintegration methodson classifica-
tion performancereexplainedby meanf experimentatestsin a
databasef 123 cell images(leukog/te colorimages).After learn-
ing processingwheredifferentfeatureselectionandclassifierdefi-
nition alternatvesaretestedadefinitive integratedapproachs pro-
posed(precisiond4.44%).

1. INTRODUCTION

Duetothelargeamountbf imageghataregeneratethy innu-

merableapplicationsimagedatabasearebeingcreatecand
used. An efficient and automaticprocedures requiredfor

indexing and retrieving imagesfrom thesedatabases.The

content-baseimageretrieval involvesdescribingan image
by a digital signatureandthenmatchingthe queryimageto

themostsimilarimageswithin the databasaccordingo the

resemblancef their signatures. Traditionally, the content
descriptionis doneaccordingto the notionsof color, shape
andtexture: QBIC [6], Photobool{13], CANDID [10], Pic-

ToSeek[7], etc. Imagedatabasesan generallybe classi-
fiedin eithertwo categories. Thefirst oneconcerndromoge-
neoudatabaseshey containimageof thesameobjectclass
(faces,fingerprints,biomedicalimages,etc.). The second
catgory includesdatabasesf heterogeneouisnages(pho-

tographicstock, WWW, etc.).

In this contribution, we present methodfor classifyingand
gueryingimageshasemdntheintegrationof colorandtexture

descriptiorwhichis appliedto averyhomogeneoudatabase:

abloodimagebank[5]. In thiskind of databaseshecontent
of imagesis very similar andthereforeit becomedmpera-
tive to usevery precisedescriptors. Specifically our goal
is to develop a techniquefor classifyingandindexing color
leukogte imagesinto five catgyories[1]. The color is de-
scribedby classicalcolor distributions (histograms)andfor

thetexture,we introducethe morphologicakolor sizedistri-

butions. In both casesthe dissimilarity is computedusing
distancemetrics. The effects of differentintegrationmeth-
odson classificatiorperformancareexplainedby meanof

experimentaltestsin a databasef 123 cell images. Simi-

lar image-basedpproachefor automatedeukogyte classi-
ficationusingmorphologicatoolshave beenpreviously pro-
posed19].

Therestof the paperis structuredasfollows. First, the sim-
ilarity betweenrstatisticalpatternrecognitionandretrieval is

presentedh Section2. In Section3 areminderof histogram
definition and distancemetricsis included. We continuein

Sectiord with a presentatioof the morphologicaktolorsize
distributionandin Section5 with a brief discussioraboutthe
integrationof color andtexture distances.Then,theresults
of applicationto leukog/te imageindexing arediscussedFi-

nally, conclusionsaregivenin Section?.

2. BACKGROUND

2.1. Image attrib utes

In orderto classifyimagesaccordingo imagetemplaterin

orderto retrieve imageswe mustbe ableto efficiently com-
paretwoimagedo determingheirresemblance.et X bean
image,andx a d-dimensionafeaturevectorof attributesof
X. Let f represenamappingfrom theimagespaceontothe
d-dimensionafeaturespacef : X — x = (#1, 22, - ,%4)

whered is thenumberof featuresisedto representheimage
(eachfeaturemayhave differentdimensions) f is calledthe
featue extraction An efficientmatchingschemedependsn
the structure(suchasscalay graphs histogramspdf’s, etc.)
andon the discriminatoryinformation containedin the ex-

tractedfeaturesy f.
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2.2. Classificationand retrieval

In statisticalpatternrecognition(SPR),a patternis repre-
sentedby a setof d featuresor attributes,viewed as a d-
dimensionafeaturevector Thedecisionmakingprocessn
SPRcan be summarisedas follows: a given patternis as-
signedto one of ¢ catgoriesw;,ws, - - - ,w. basedon the
vectorof d featurevaluesx = (z1, #2,- - -, 24) [4]. Thepat-
ternvectorx belongingo classv; canbeviewedasanobser
vation dravn randomlyfrom the class-conditiongprobabil-
ity functionp(x|w;). The“optimal” Bayesdecisionrulesfor
minimisingtherisk canbestatedasfollows: assigrinputpat-
ternx to classw; for which the conditionalrisk R(w;|x) =
> =1 D(wi, wj) P(w;|x) isminimum,wherel (w;, w;) isthe
lossincurredin decidingw; whenthe true classis w; and
P(w;|x) is the posteriorprobability. In the caseof the0/1
loss function, the conditionalrisk becomeghe conditional
probability of misclassificationZ(w;,w;) = 0if ¢ = j or
L(w;,w;) = 1if ¢ # j. For this choiceof lossfunction, the
Bayesdecisionrule canbe simplified asfollows (alsocalled
the maximuma posteriori(MAP) rule): assigninput pattern
x to theclassw; if

P(wilx) > P(w;|x) for all j#1i. (1)

Theclass-conditionadensitiesareusuallynotknownin prac-
tice andmustbe learntfrom the availabletraining patterns.
Templatematchings anaturalapproacho patternclassifica-
tion: assignpatterngo the mostsimilar template. Template
matchingcan easily be expressednathematically:let x be
thefeaturevectorfor theunknowvninput,andletm;, ms,- - -,
m,. betemplatedor the ¢ classesA minimum-errorclassi-
fier computed|x — my|| for & = 1 to ¢ andchoosesheclass
for which this erroris minimum, we call this a minimum-
distanceclassifier9].

In mostof searchandretrieval algorithms,a distancemea-
surebetweentheimageattributesis usedo rankthedatabase
imagesn ascendingrderof theirdistanceso thequeryim-
age,which is assumedo correspondo a descendingprder
of similarity. The systemreturnsthe top-rankedmagesthat
aremostsimilarto thequeryimage.Usinga SPRparadigm,
retrieval operationcanbe interpretedasa two-classpattern
classificationapproach.In doing so, we definetwo classes,
therelevanceclassv 4 andtheirrelevanceclasswg, in order
to classifyimagepairsassimilar or dissimilar Let d be the
distancebetweenthe query image and the image database
image. The imagepair is assignedo the relevanceclassif
P(wald) > P(wpld) [2]

In short,we cansaythatin applicationgnvolving classifica-
tion, the systemassignsachimageto the closestsemantic
classin thedatabaseln imageretrieval applicationsthesys-
temretrievesthemostsimilarimagego thequery Thesame
featuredescriptoranddistancesanbe usedto classifyor to
retrieve.

3. COLOR DISTRIBUTIONS

Color is an importantattribute for imageretrieval: coloris
an intuitive featurefor which it is possibleto usean effec-
tive and compactrepresentation.Color spacesprovide the
methodto manipulatecolors. In the field of imageprocess-
ing and computergraphics,a lot of color modelshave been
proposed14]. In this studywe have workedwith threewell-
known color spacesRGB HSV andLab. Regardlesf the
colorspacegolorinformationin animagecanberepresented
by a single3-D histogramor threeseparaté -D histograms.
In a simplified way, we workedwith the histogramof each
color componentj.e. the color histogmamis doneby three
histograms.Thesecolor representationareinvariantunder
rotationandtranslationof theimage. A suitablenormalisa-
tion alsoprovidesscale/sizénvariance.

3.1. Histogram definition

Givenanimage f, of size M by N pixels, characterisety
the color ¢ atlocation(s, j), i.e. ¢ = f(i, j), thefirst-order
color distribution or histogramof the color set(C is givenby

M-1N-1

hf(c):ﬁz S 6(f(ij) —¢), Veec. (2

i=0 4j=0

In the equationabove 4() is the unitary impulse function.
We noticethatthe f; (c) valuesare normalisedin orderto
sumto one[20]. This normalisatiomallows to comparere-
gions or imagesof varying size. The value of eachbin is
thusthe numberof imagepixelshaving the color ¢, or, after
normalisationby M N, the probability that the color ¢ ap-
pearsn theimage.If thecardinalof C is n (n is thenumber
of bins),thehistogramsanberepresentedsfeaturevectors
in an-dimensionakpace We candefinethis R™ spaceasthe
histogramspaceX™.

3.2. Histogram distancemetrics

Thehistogramsarefeaturevectorswhich areusedasimage
indices. A distancemeasurds usedin the histogramspace
to measurehe similarity of two images. Formally, the his-
togramspacei ™ is consideredsa metricspaceandthehis-
togramsarepointsof thespacef for every pairof histograms
h; andh, acorrespondingiumberd(h;, k) canbefound,
calledthedistancemetricbetweerthetwo points,which sat-
isfiesthe following properties:non-n@atvity (d(hy, hy) >
0), identity (d(hs, hy) = 0 < hy = hy), cOmmutatvity
(d(hy, hg) = d(hgy, hy)) ettriangularinequality(d(hy, hy) <
d(hy, hi) + d(hi, hg)).

The similarity, or dissimilarity via the distancejs computed
betweera patternor queryhistogam#hg € K" andatem-
plateor imagedatabasehistogamh; € H™. Thereareses-
eralmappingsi : H” x H™ — [0, oo) satisfyingthe metric
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propertieswhich wereusedin the literature[16] in orderto
measurehe relevanceof the histogramdissimilarity. We fo-
cusedon four distancemetrics:

¢ Normalisedhistogram intersection,d. Normalised
histogramintersectionis equivalentto the useof the
sumof absolutedifferencesor city-block metric. The
normalisedhistogramintersectiondistanceis defined

by
Y0y min(ho (i) hi(i))
min(31 ha (i), Yisy hali)
3)

Note that d, is robustto substantiabbjectocclusion
andcluttering[18][7].

dn(hg, hr) =1—

¢ Histogram Euclideandistance dg. The classicahis-
togramEuclideandistances definedas

dg(hq, hr) = Z(hQ(i)—hI(i))2~ (4)

o Histogram x*-metric distance,d,=. The histogram
x?-metricdistances doneby

n—1 ho(i) — hr(e 2
dxz(hQ,hI):iZ:;((hq;((i))T((i)))). ®

Thismetrichasednthey? statistichasbeenproposed
asametricfor imagesimilarity in [3].

¢ HistogramMahalanobidistanced,. TheMahalano-
bis distancds a specialcaseof the quadratic-forndis-
tancemetric in which the transformmatrix is given
by the covariancematrix obtainedfrom a training set
of histogramg6]. The Mahalanobiglistancebetween
two histogramss givenby

dyi(hq,hpx) = (hg — hpe )" C;H (hg — hyx). (6)

We remindthat ¢ is the queryhistogramanda« is
the templatehistogramor meanhistogramof a train-
ing setof histogramsof classk. They both are n-
dimensionalvectorsandthe covariancematrix C;, is
an x n matrix. In the specialcasewhent . (for all
the classesprestatisticallyindependenthut have un-
equalvariancesr?,, C;, is adiagonalmatrix. In this
casethe Mahalanobiglistanceeducego

dy(hq, hp) = Z_: (hQ(izri_k (higk(i))z' (7)

In our work, we have usedthree1-D histogramsj.e. the
colorimageq is representety threehistogramﬁzgl, h)Q(2
andh(y® suchthat (X, X, Xs) = (RGB) or (X1 X, X3) =
(HSV) or (X1X,X3) = (Lab). Letd(h}' h}') bethe
histogramdistanceof componentX;, the color distancein
the color space(X; X2 X3) is the sumof eachcomponent
histogramdistance,

d(hg,hr) = d(h3*, hiH) +d(hy? hy?) + d(h®, h®).
8

4. MORPHOLOGICAL COLOR SIZE
DISTRIBUTIONS

Texture hasbeenone of the mostimportantcharacteristics
which have beenusedto classifyandrecogniseobjectsand
for imageretrieval [2]. Granulometriesre interestingfor
texture analysisbecausesize distributionsprovide informa-
tion abouttheshapeandsizeof the patterngoundin ordered
texturesaswell asthe degree of granularity of disordered
textures[17]. Granulometriexomputedon binary or grey
toneimagesprovide signatureghat canbe usedfor pattern
recognitionor imageretrieval. Texture classificatiorandfea-
ture extractionby granulometriehiave mary applicationsn
thebiomedicalandindustrialsector

4.1. Basicdefinitions

Matheron[11] introducedthe notion of granulometry and
the extensionto grey tonefunctionswasmadeby Serrg[15].
A granulometryis the study of the size distributions of the
objectsof animage.Formally, agranulometrycanbedefined
asadecreasindamily of openingshaving a size parameter
A, T'= (1) >0, andsatisfyingthe absorptioriaw:

VYA >0,V > 0,%% = Yu¥r = Ymax(h,p) 9)

Moreover, granulometrie®y closinggor anti-granulometry

canalsobedefinedasfamiliesof closings.

Performingthe granulometrianalysisof animage/ with T

is equivalentto mappingeachopeningof size A with amea-
surem(yx (/)) of theopenedmage~, (7). This measuras

typically the volumein the greyscalecase.The granulome-
tric curve, or patternspectrum of / with respecto v, de-
noted .S, is definedasthe following normalisedmap-

ping:

,n>0.
(10)

P8, (N) = PSi(\) =

ThepatternspectrumP S, ;) mapseachsize\ to somemea-
sureof the brightimagestructureswith this size. By duality,

S00-3



Proceeding®f ACIVS2002(AdvancedConceptdor IntelligentVision Systems)Ghent,Belgium,Septembe®-11,2002

theconcepbf patternspectrumextendsto anti-granulometry
by closingspx (1),

PSy(—A) = PSi(=)) = m(sox(f));(g(w_l(f)) |

(11)

andis usedto characteris¢hesizedistributionof darkimage
structures.

Thenormalisegatterrspectrums aprobabilitydensityfunc-
tion [15], i.e. P.Sr(A) is asizehistogramof /. A largeim-

pulsein the patternspectrumat a given scaleindicatesthe
presencef mary imagestructuresatthatscale.

Both size distributions can be collatedinto a uniquecurve

with closingsversussizeontheleft (negative) sideandopen-
ingsversussizeon theright (positive) side,

PS; = {PS;(=A), PSi(A)}. (12)

If the size of the openings/closings 1 < A < n, thesize
distributionscan be representeds featurevectorsin a 2n-
dimensionalspace,called the granulometryspaceG® C
R?". Onthisspaceall thehistogramdistancemetricscanbe
usedin orderto quantifythe dissimilarity accordingto PS.
Forinstancelet .5¢ beaquerysizedistributionand” Sy be
areferencesizedistribution,bothbelongto G2”, thesizedis-
tribution Euclideandistances definedoy dg (PSq, PSr) =

Vi (PSq(i) = PSi ().

4.2. Color granulometries and texture distance

In thiswork, we areinterestedn thecharacterisatioof tex-
turein colorimagesandthereforewe have to extendthe no-
tion of granulometrya grey tone concept,to color images.
The simplestway is to calculatethe patternspectrum(by
openingsand closings)for eachcolor componentj.e, the
color sizedistribution or color granulometryis really the set
of threegranulometries.Moreover, we usedonly the rep-
resentatiorof the color imagein the RGB color space(the
applicationof morphologicaloperatorson othercolor space
componenthasaddeddifficulties). The colorimage@ is
representedy threesizedistributions PS5, PS§ andPS§
andthe texture distanceis the sumof eachcomponensize
distributiondistance,

d(PSq, PSr) = d(PSE, PSF) + d(PSG, PST)
+d(PS§, PSP).

The RGBcomponentare stronglycorrelated however pre-
liminary testsonour haematologicadatabas@adshavn that
the approactusingthreegranulometrieperformsgenerally
betterthanthetechniquausingonly agranulometrytypically

ontheluminancecomponentThereareotheralternatve ap-
proachesn orderto definea moregenuinecolor sizedistri-

bution. They involve the definition of morphologicalopen-
ings/closingsn color lattices.At presentwe areworkingon

thiskind of techniques.

(13)

5. INTEGRATION OF COLOR AND TEXTURE
ATTRIBUTES

Theuseof asingleimageattributefor imageretrieval or clas-
sificationmay lack in sufficient discriminatoryinformation.
In orderto increasaheaccurag of theretrievals,theresults
obtainedrom the querybasecdnindividual featureshave to
beintegrated.In our approactthefeaturesof color (spectral
distributionsin the differentcolor spacespndtexture (mor
phologicalcolor granulometrieén RGB aredefinedby his-
tograms(seefigure 1), and the similarity rank or index is
doneby meansof histogramdistances. The resultsof the
color-basedandthetexture-basedetrieval canbeintegrated
by combiningthe associatedlissimilarity values. Weighted
linear combinationof vectorsis a possiblemethod. For in-
stancewe defineanintegrateddistancebetweert) and/ as

wcd(hQ, h[) + wtd(PSQ, PS[)

we + Wy

d(Q,I) =

, (14)

wherew,. andw, arethe weightsassignedo the color-based
andtexture-basedimilarity, respectiely [8]. Thereareother
non-linearcombinatiormethodq12]: voting, decisiontrees,
etc.,i.e,

d(Q, 1) = f(d(hq, hr),d(PSq, PSr))

wheref represenageneratombinatiomrmapping.ln section
6, we discusshe effects of integrationmethodson classifi-
cationperformance.

(15)

6. APPLICATION: LEUKOCYTE CLASSIFICATION
BY COLOR-TEXTURE ANALYSIS

Leukogtes,or white bloodcells,maybesubdvidedinto five
differentcateyories: (1) monogtes,(2) neutrophils,(3) ba-
sophils, (4) eosinophilsand (5) lymphog/tes. Whena pe-
ripheralblood smeay stainedwith May-GrinwualdGiemsa,
is examinedundera microscopeat x 100 magnificationthe
five classe®f leukog/tesmay be differentiatecaccordingo
their morphologicalndspectrafeaturegseefigure2). The
imagesof work wereacquiredat controlledlight intensities,
thecamerds calibratedwith ablack/white-fieldmageto en-
surecorrectcolor registration.

In this section,we first evaluatethe capability usingthe dif-
ferentdistancespf the color histogramsandthe color size
distributionseparatelyor imageclassificationThen,effects
of severalintegrationmethodson classificatiorperformance
are shawvn, a final algorithmis proposed. For the experi-
mentsdescribedve usedl23leukogyte colorimagesof size
256 x 256 pixels?.

Oneof thekey questiongboutary classifieror retrieval sys-
temis how well it will perform,i.e., whatis the error rate

1Theleukocyteimagedatabasenay be obtainedfrom the authorsupon
request.
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Normalised RGB histograms
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Figurel: Exampleof color-texture description:(a) leukocyte
colorimage (b) histogramsof theimagetheRGBspaceand
(c) sizedistributionsin the RGB.

or the precisionrate. In orderto quantify the performance
of our classificationapproacheswe defineits precisionas,

o Cof i ightly detected
Precision(%) = Yool Zﬁjgi; Zzzté/s crected 100 (the

proportionof imagescorrectlyclassified).

6.1. Experimental results

Following the SPRparadigm the experimentalstudyis di-
videdinto two modes:training or learningstepandclassifi-
cationor testingstep.Theimageshave beendividedinto two
sets:51 imagesin thetraining dataset(9 imagesbelongto
eachclass,exceptfor class3, with 6 images),74 imagesin
the classificatiordataset(mixtureof 5 classes).

6.1.1. Trainingtemplates

Thegoalof trainingproceduravasto createa valid estimate
of templatedor eachoneof thefive classe®f leukog/te im-

ages.We developedit in threestages.First, computingthe
color histogramsand the color size distributions. Second,
calculatingthe meansand the covariancematricesof each

e B
(a) (b) ‘(C) (d) (e)

Figure2: Examplesf leukocytecolor images:(a) lympho-
cytes,(b) monocytes(c) eosinophils(d) neutiophilsand(e)
basophils.

——  Class1
---  Classs

(@ (b)

Figure 3: Examplesof templatesof class1 and5: (a) his-
togramsof component/ and (b) sizedistributionsof com-
ponentG (x is classl and A is classb).

leukogrteclassk (k = 1,2,...,5). Third, testingonthetrain-
ing data(oneway to estimatethe preliminaryprecisionis to
seehow well the techniqueclassifiesthe examplesusedto
estimatethe parametershowever, it is a very poor measure
of generalisatiorability) [4]. Examplesof meantemplates
areshavn in figure 3.

6.1.2. Performanceof distancesnd attributes

Then,for eachleukogyte patternimage(from the classifica-
tion dataset)thedissimilarityto thetemplatesvascomputed.
The leukog/te imagewasassignedo the mostsimilar tem-
plate,i.e, we chosethe classfor which the distanceis min-
imum. The goal of thesetestswasto selectthe bestcolor
histogramrepresentatiomndthe bestdistancemetric when
the differentfeaturesare consideredseparately Resultsof
theprecisionaregivenin tablel.

Noneof thefour attributesaloneareenoughfor the classifi-
cation,regardlessf the chosendistance.The bestdistance
andthe correspondingccurag were:for RG B histograms,
20.83% usingdy,; for HSV histograms30.55% usingdp,
for Lab histograms34.72% usingd, andfor color sizedis-
tributions,62.50% usingdg (thisis the best-caselassifica-
tion accurag). The worst-caseclassificationaccurag was
2.77% using RG' B histogramsaccordingto the Euclidean
distance We believe thatit maybe dueto thefactthatsmall
variationsin the luminancecomponentf the color image

S00-5



Proceeding®f ACIVS2002(AdvancedConceptdor IntelligentVision Systems)Ghent,Belgium,Septembe®-11,2002

Distance
Feature dn dg d2 dps
(%) | (%) | (%) | (%)
(hTthEhP) 18.05| 2.77 | 18.05| 20.83
(RTh5RY) 30.55| 23.71| 29.16| 16.66
(hLhaR?) 34.72| 18.05| 31.94| 23.61
(PSEPS“PSP) | 19.44] 6250 61.11| 25.00

Table 1: Performanceof the different distancesand at-
tributes.

give rise to stronginfluencein the color distribution. The
generallow accurag for the color distancess due to the
variation of quality of the stainingprocedureof blood im-
ages(the color quantifiedis just the resultof the staining).
The control of the stainingconditionsandthe control of the
image acquisitionare fundamentahs theseconditionswill
determinethe validity andthe robustnesf the classifica-
tion. Thecolor granulometriepresenteé muchhigherper
formancein termsof accurag (morerobustwith regardto
the stainingresult).

6.1.3. Weightedinear combinations

In orderto combinethe color distanceandthe texture dis-
tance ,we usedthe equation14. More specifically the com-
binationof dg (P Sq, PSr) with dy (h§, ki) or
dn(hG5Y, hiSY) ordn (hG™, hi**) weretested Thechoice
of w. andw; is determinedmoreor lessempirically There
are several possibilities,for instance the simplestis w, =
we = 1. Anotherpossibilityis to choosethe weightson the
basisof the accurag of the individual feature-basedlassi-
fications[8]. Sincethe classificationon the basisof color
providesbetween20.83% and34.72% accurag in the best
caseandthe texture-basedlassificationprovides an accu-
ragy of 62.50% in thebestcasewe have chosenv,. = 3 and
wy = 7. Table2 presentghe resultsof classificationon the
basisof weightedlinearintegration. We obsere thatthere-
sultsareunsatisfactorythe bestperformances just31.72%.
Thereforea linearcombinationapproachdoesnot guarantee
abetteraccuray.

6.1.4. Weightedvotingstrategy

Theweightedvotingstratgy operatessfollows: in response
to a matchingoperation,eachfeaturegives five gradesof
similarity to thetemplatedy increasingorderdistance.The
ranks of the dissimilarity within eachfeaturecanthen be
combinedby aweightedsumto outputtheglobaldistanceo
eachtemplateaccordingto the combinationof features.The
implementationof this approachis asfollows. After sort-
ing the Euclideandistanceof color granulometries40 votes
{12,10,8,6,4, aredistributedbetweerthe 5 leukogyte class

Features WeightedLinear Combination(%)
we=1,w; =1 We=3,wr =7
dM(thB, hFGB)
anddg(PSq, PSi) 22.55 25.10
dn(thV’ hlI‘ISV)
anddg(PSq, PSi) 26.30 30.12
dﬂ (héab’ h%ab)
anddg(PSq, PSr) 24.62 31.72

Features WeightedVoting Strategy(%)
20votescolor, 40 votestexture
Thefour 30.55

Table2: Performancef weightedlinear combinationsand
weightedvoting stratey.

distancesln the sameway, accordingto the distanceof the
bestthree color distancehistograms 20 votes{6,5,4,3,2,

aredistributedfor eachcolor space.Thevotesof eachclass
areaddedup: the mostvotedis the assignedtclass. Again
theresult,30.55%, is disappointingandthisintegrationtech-
niguewasimmediatelyrejected.

6.1.5. Conditionalsupporteccombination

Beforedefiningthe new integratedtechniquewe developed
a color normalisatiorphasein orderto control ary variabil-
ity of stainingprocedure. Analysingthe leukog/ite image
databasewe obsered that it is possibleto normaliseus-
ing asreferencethe backgroundcolor, i.e. the color of the
plasma.This color mustbe constanandmorewer very uni-
form in all the blood images. The spectraluniformity in-
volvesthatthe correspondingnodeof the histogramis very
narrav andwe have alsoconfirmedhatthismodeis themax-
imum of the histogram.By meanf detectionof this maxi-
mum, the backgroundhormalisatiorcanbeimplementecbn
eachcomponent.The histogramis centredaccordingto the
maximum(shifting all thevalues).Afterwards thedistances
arecomputedusingthenew centrechistogramsThenotable
performanceof this normalisatioron the H SV histograms,
theaccurag afternormalisatioris 55.55% (30.55% without
normalisation)suggestedsto includeit in thedefinitive ap-
proach.

After thatsomegeneralalternatvesof combinationof color
andtexturehave beertestedweintroducedaspecificmethod.
The approachis basedon a priority use of the color size
distribution distances.The innovationis that the color his-
togramdistancesysingbothspaced’ SV (normalisedjand
Lab, supportedhetexture distancesonditionally The con-
ditionsof classificatiorweretheconsequencef adeepstudy
of the preliminaryresults. The detailsare asfollows. The
distancego thefive templatesarecalculated.Thethreedis-
tances/ectorsaresortedin descendingrder{d%°}*,

{d25V 1k and{dL®}*. Then thefollowing conditions(clas-
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sificationtree)arechecked:

ist.- If {d5°}! = 2 0or{d5°}*> = 2 = Class2.

2nd .- If {d5°} = 1 or {d5°}? = 1 or {d5°}® = 1 and
{dHV}' =1 = Classl.

3rd .- If {d5°} =4 or{d5°} =4or{d5°} =4
and{d¥°V}' =4 and{d5**}' = 4 = Class4.

4th - If {d5°} =3 and{d{"V}' = 3 = Class3.

5th.- If {d5°}' =5 0or {d5°}? = 5 0or {d5°}" = 5 = Classs.
6th .- If it is still notclassified=- Class= {d5*}'.

The accurag of the conditionalsupporteccombinationap-
proachis equalto 94.44%. Note that this performances
very optimal.

7. CONCLUSIONS

We have presentedhe useof morphologicalcolor size dis-
tributionsas a low-level textural featurefor classifyingand
retrieval images.In orderto improve the performancethey
canbe combinedwith otherfeaturestypically the color dis-
tributions. The difficulty lied in the fact thatall imagesare
very similar arethereforeneedvery precisedescription.We
concludebasedntheexperimentpresentedhatin ahomo-
geneoudglatabasethe mainfactorsin limiting color-texture
classificationperformanceare not only the inaccuratede-
scriptionof thefeaturedistributions,but theright integration
of featuresimilarities. There,the learningprocedurein a
representatieimagedatabasés amustin orderto definethe
classificationstratgy. An efficient content-basedetrieval
schemeamusthave the following features:accurag andsta-
bility, but speedaswell. In orderto improve the speedfast
granulometryalgorithmsare beingincluded[21]. We are
currentlyinvestigatingthe definition of othermorphological
color sizedistributions,involving openings/closingn color
latticesand exploring the applicationof the presentedech-
niguesto otherhomogeneouslatabases.This approachis
on the basisof animportantmodule of our haematological
cytology imageanalysisandsemantidndexing system.
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