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ABSTRACT

Currentcontent-basedimageretrieval techniquescantypically per-
form efficient andeffective searcheson heterogeneousimagedata-
bases.This contribution dealswith an approachbasedon the inte-
grationof color andtexture descriptionwhich is appliedto a very
homogeneousdatabase:abloodimagebank.Thecontentof images
is verysimilar andthereforeit becomesimperative to useverypre-
cisedescriptors:the color is describedby classicalcolor distribu-
tions(histograms)andfor thetexture,weintroducethemorpholog-
ical colorsizedistributions.Thesimilarity is measuredby comput-
ing distancemetricsbetweenhistograms.In order to increasethe
accuracy of retrieval, the resultsof color-basedandtexture-based
retrieval are integratedby combiningthe associateddissimilarity
values. The effectsof different integrationmethodson classifica-
tion performanceareexplainedby meansof experimentaltestsin a
databaseof 123cell images(leukocyte color images).After learn-
ing processing,wheredifferentfeatureselectionandclassifierdefi-
nition alternativesaretested,adefinitive integratedapproachis pro-
posed(precision� � � � � � ).

1. INTR ODUCTION

Dueto thelargeamountof imagesthataregeneratedby innu-
merableapplications,imagedatabasesarebeingcreatedand
used. An efficient andautomaticprocedureis requiredfor
indexing andretrieving imagesfrom thesedatabases.The
content-basedimageretrieval involvesdescribingan image
by a digital signatureandthenmatchingthequeryimageto
themostsimilar imageswithin thedatabaseaccordingto the
resemblanceof their signatures.Traditionally, the content
descriptionis doneaccordingto the notionsof color, shape
andtexture: QBIC [6], Photobook[13], CANDID [10], Pic-
ToSeek[7], etc. Imagedatabasescan generallybe classi-
fied in eithertwo categories.Thefirst oneconcernshomoge-
neousdatabases,they containimagesof thesameobjectclass
(faces,fingerprints,biomedicalimages,etc.). The second
category includesdatabasesof heterogeneousimages(pho-
tographicstock,WWW, etc.).
In this contribution,wepresenta methodfor classifyingand
queryingimagesbasedontheintegrationof colorandtexture
descriptionwhichis appliedtoaveryhomogeneousdatabase:

abloodimagebank[5]. In thiskind of databases,thecontent
of imagesis very similar andthereforeit becomesimpera-
tive to usevery precisedescriptors. Specifically, our goal
is to developa techniquefor classifyingandindexing color
leukocyte imagesinto five categories[1]. The color is de-
scribedby classicalcolor distributions(histograms)andfor
thetexture,weintroducethemorphologicalcolor sizedistri-
butions. In both cases,the dissimilarity is computedusing
distancemetrics. The effectsof differentintegrationmeth-
odsonclassificationperformanceareexplainedby meansof
experimentaltestsin a databaseof 123 cell images. Simi-
lar image-basedapproachesfor automatedleukocyte classi-
ficationusingmorphologicaltoolshave beenpreviouslypro-
posed[19].

Therestof thepaperis structuredasfollows. First, thesim-
ilarity betweenstatisticalpatternrecognitionandretrieval is
presentedin Section2. In Section3 a reminderof histogram
definitionanddistancemetricsis included. We continuein
Section4 with apresentationof themorphologicalcolorsize
distributionandin Section5 with abrief discussionaboutthe
integrationof color andtexture distances.Then,theresults
of applicationto leukocyte imageindexing arediscussed.Fi-
nally, conclusionsaregivenin Section7.

2. BACKGROUND

2.1. Imageattrib utes

In orderto classifyimagesaccordingto imagetemplatesor in
orderto retrieve images,we mustbeableto efficiently com-
paretwo imagesto determinetheirresemblance.Let � bean
image,and � a d-dimensionalfeaturevectorof attributesof� . Let � representamappingfrom theimagespaceontothe
d-dimensionalfeaturespace�
	 ���
����� ��� � ��� � � � ��� ��� �
where� is thenumberof featuresusedto representtheimage
(eachfeaturemayhave differentdimensions).� is calledthe
featureextraction. An efficientmatchingschemedependson
thestructure(suchasscalar, graphs,histograms,pdf’s,etc.)
andon the discriminatoryinformationcontainedin the ex-
tractedfeaturesby � .
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2.2. Classificationand retrieval

In statisticalpatternrecognition(SPR),a patternis repre-
sentedby a set of � featuresor attributes,viewed as a d-
dimensionalfeaturevector. Thedecisionmakingprocessin
SPRcan be summarisedas follows: a given patternis as-
signedto one of � categories � � ! �#" ! $ $ $ ! �&% basedon the
vectorof � featurevalues'�(*) +�� ! +�" ! $ $ $ ! +�, - [4]. Thepat-
ternvector ' belongingtoclass�&. canbeviewedasanobser-
vationdrawn randomlyfrom the class-conditionalprobabil-
ity function /0) ' 1 �&. - . The“optimal” Bayesdecisionrulesfor
minimisingtheriskcanbestatedasfollows:assigninputpat-
tern ' to class�&. for which theconditionalrisk 23) �&. 1 '0-4(5 %6 7 ��8 ) �&. ! � 6 - 9:) � 6 1 '0- is minimum,where8 ) �&. ! � 6 - is the
loss incurredin deciding �&. when the true classis � 6 and9:) � 6 1 '0- is the posteriorprobability. In the caseof the ; < =
loss function, the conditionalrisk becomesthe conditional
probability of misclassification8 ) �&. ! � 6 ->(?; if @3(BA or8 ) �&. ! � 6 -C(D= if @FE(GA . For this choiceof lossfunction,the
Bayesdecisionrule canbesimplifiedasfollows(alsocalled
themaximuma posteriori(MAP) rule): assigninput pattern' to theclass�&. if

9:) �&. 1 '0- HI9:) � 6 1 '0-GJ�K L
M N NOAPE(G@ Q (1)

Theclass-conditionaldensitiesareusuallynotknownin prac-
tice andmustbe learntfrom the availabletraining patterns.
Templatematchingis anaturalapproachto patternclassifica-
tion: assignpatternsto themostsimilar template.Template
matchingcaneasilybe expressedmathematically:let ' be
thefeaturevectorfor theunknowninput,andlet RI� , RS" , $ $ $ ,RO% betemplatesfor the � classes.A minimum-errorclassi-
fier computesT '3UPROV T for W:(X= to � andchoosestheclass
for which this error is minimum, we call this a minimum-
distanceclassifier[9].
In mostof searchandretrieval algorithms,a distancemea-
surebetweentheimageattributesis usedto rankthedatabase
imagesin ascendingorderof theirdistancesto thequeryim-
age,which is assumedto correspondto a descendingorder
of similarity. Thesystemreturnsthetop-rankedimagesthat
aremostsimilar to thequeryimage.Usinga SPRparadigm,
retrieval operationcanbe interpretedasa two-classpattern
classificationapproach.In doing so,we definetwo classes,
therelevanceclass�&Y andtheirrelevanceclass�&Z , in order
to classifyimagepairsassimilar or dissimilar. Let � be the
distancebetweenthe query imageand the imagedatabase
image. The imagepair is assignedto the relevanceclassif9:) �&Y41 � -#HI9:) �&ZF1 � - [2].
In short,wecansaythatin applicationsinvolving classifica-
tion, the systemassignseachimageto the closestsemantic
classin thedatabase.In imageretrievalapplications,thesys-
temretrievesthemostsimilar imagesto thequery. Thesame
featuredescriptorsanddistancescanbeusedto classifyor to
retrieve.

3. COLOR DISTRIBUTIONS

Color is an importantattribute for imageretrieval: color is
an intuitive featurefor which it is possibleto usean effec-
tive andcompactrepresentation.Color spacesprovide the
methodto manipulatecolors. In thefield of imageprocess-
ing andcomputergraphics,a lot of color modelshave been
proposed[14]. In thisstudywehaveworkedwith threewell-
known color spaces:RGB, HSVandLab. Regardlessof the
colorspace,colorinformationin animagecanberepresented
by a single3-D histogramor threeseparate1-D histograms.
In a simplifiedway, we workedwith the histogramof each
color component,i.e. the color histogram is doneby three
histograms.Thesecolor representationsareinvariantunder
rotationandtranslationof the image.A suitablenormalisa-
tion alsoprovidesscale/sizeinvariance.

3.1. Histogram definition

Givenanimage J , of size [ by \ pixels,characterisedby
thecolor ] at location ) @ ! A - , i.e. ]>(�J0) @ ! A - , thefirst-order
colordistribution or histogramof thecolor set ^ is givenby

_ ` ) ] -#( =[*\
aPb �c
. 7�d

e4b �c
6 7�dCf ) J0) @ ! A -&US] - !Ig�]3hP^&Q (2)

In the equationabove f ) - is the unitary impulsefunction.
We noticethat the

_ ` ) ] - valuesarenormalisedin order to
sumto one[20]. This normalisationallows to comparere-
gionsor imagesof varying size. The valueof eachbin is
thusthenumberof imagepixelshaving thecolor ] , or, after
normalisationby [*\ , the probability that the color ] ap-
pearsin theimage.If thecardinalof ^ is i ( i is thenumber
of bins),thehistogramscanberepresentedasfeaturevectors
in an-dimensionalspace.Wecandefinethis 24j spaceasthe
histogramspacek>j .

3.2. Histogram distancemetrics

Thehistogramsarefeaturevectorswhich areusedasimage
indices. A distancemeasureis usedin the histogramspace
to measurethe similarity of two images.Formally, the his-
togramspacek>j is consideredasametricspaceandthehis-
togramsarepointsof thespaceif for everypairof histograms_ `

and
_ l

a correspondingnumber��) _ ` ! _ l - canbe found,
calledthedistancemetricbetweenthetwo points,whichsat-
isfiesthe following properties:non-negativity ( ��) _ ` ! _ l -Fm; ), identity ( ��) _ ` ! _ l -P(n;So _ ` ( _ l

), commutativity
( ��) _ ` ! _ l -&(G��) _ l ! _ ` - ) ettriangularinequality( ��) _ ` ! _ l - p��) _ ` ! _ V -�qI��) _ V ! _ l - ).
Thesimilarity, or dissimilarityvia thedistance,is computed
betweena patternor queryhistogram

_�r h
k>j anda tem-
plateor imagedatabasehistogram

_ s hPk>j . Therearesev-
eralmappings�Pt k>j�uPk>jPvxw ; ! yI- satisfyingthemetric
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propertieswhich wereusedin the literature[16] in orderto
measuretherelevanceof thehistogramdissimilarity. We fo-
cusedon four distancemetrics:

z Normalisedhistogram intersection, { | . Normalised
histogramintersectionis equivalent to the useof the
sumof absolutedifferencesor city-block metric. The
normalisedhistogramintersectiondistanceis defined
by

{ |0} ~��C� ~ � �#�X� ����� �0�� ���3�>� � } ~��C} � � � ~ � } � � ��>� � } ��� �0�� ��� ~��C} � � � �I� �0�� ��� ~��C} � � � �
(3)

Note that { | is robust to substantialobjectocclusion
andcluttering[18][7].

z HistogramEuclideandistance,{ � . Theclassicalhis-
togramEuclideandistanceis definedas

{ �C} ~��4� ~ � �#�
���� � �0��
� ��� } ~��4} � �0�S~ � } � � � � � (4)

z Histogram � � -metric distance, { � � . The histogram� � -metricdistanceis doneby

{ � � } ~��4� ~ � �#� � �0��
� ��� } ~��4} � �&�O~ � } � � � �} ~��C} � �0�S~ � } � � � � (5)

Thismetricbasedonthe � � statistichasbeenproposed
asa metricfor imagesimilarity in [3].

z HistogramMahalanobisdistance,{ � . TheMahalano-
bisdistanceis aspecialcaseof thequadratic-formdis-
tancemetric in which the transformmatrix is given
by thecovariancematrix obtainedfrom a trainingset
of histograms[6]. TheMahalanobisdistancebetween
two histogramsis givenby

{ �
} ~��C� ~ � � �#�*} ~��
�O~ � � �  C¡ �0�¢ } ~����S~ � � � � (6)

We remindthat ~�� is the queryhistogramand ~ � � is
the templatehistogramor meanhistogramof a train-
ing set of histogramsof class £ . They both are n-
dimensionalvectorsandthe covariancematrix ¡ ¢ is
a ¤O¥
¤ matrix. In thespecialcasewhen ~ � � (for all
theclasses)arestatisticallyindependent,but have un-
equalvariances¦ �� � , ¡ ¢ is a diagonalmatrix. In this
case,theMahalanobisdistancereducesto

{ �
} ~��C� ~ � � �#� � �0��
� ��� } ~��4} � �0�S~ � � } � � � �¦ �� � } � � � (7)

In our work, we have usedthree1-D histograms,i.e. the
color image § is representedby threehistograms~ ¨ ©� , ~ ¨ ��
and ~ ¨#ª� suchthat } « � « � «3¬ �F�B} ­F®°¯°� or } « � « � «3¬ �F�} ±�²#³°� or } « � « � «3¬ ���´} µ#¶ · � . Let {�} ~ ¨ ¸� � ~ ¨ ¸� � be the
histogramdistanceof component« � , the color distancein
the color space } « � « � «3¬ � is the sum of eachcomponent
histogramdistance,

{�} ~��C� ~ � �#�G{�} ~ ¨ ©� � ~ ¨ ©� ���I{�} ~ ¨ �� � ~ ¨ �� ���I{�} ~ ¨#ª� � ~ ¨#ª� � �(8)

4. MORPHOLOGICAL COLOR SIZE
DISTRIBUTIONS

Texture hasbeenoneof the most importantcharacteristics
which have beenusedto classifyandrecogniseobjectsand
for imageretrieval [2]. Granulometriesare interestingfor
texture analysisbecausesizedistributionsprovide informa-
tion abouttheshapeandsizeof thepatternsfoundin ordered
texturesas well as the degreeof granularity of disordered
textures[17]. Granulometriescomputedon binary or grey
toneimagesprovide signaturesthat canbe usedfor pattern
recognitionor imageretrieval. Textureclassificationandfea-
tureextractionby granulometrieshave many applicationsin
thebiomedicalandindustrialsector.

4.1. Basicdefinitions

Matheron[11] introducedthe notion of granulometry, and
theextensionto grey tonefunctionswasmadeby Serra[15].
A granulometryis the studyof the sizedistributions of the
objectsof animage.Formally, agranulometrycanbedefined
asa decreasingfamily of openingshaving a sizeparameter¹

, ºP�X} » ¼ � ¼ ½ � , andsatisfyingtheabsorptionlaw:

¾�¹P¿�À � ¾�ÁP¿�À � » ¼ » Â3��» Â » ¼°��» Ã#Ä Å Æ ¼ Ç Â È (9)

Moreover, granulometriesby closings(oranti-granulometry)
canalsobedefinedasfamiliesof closings.
Performingthegranulometricanalysisof animage É with º
is equivalentto mappingeachopeningof size

¹
with a mea-

sure Ê�} » ¼�} É � � of theopenedimage » ¼�} É � . This measureis
typically thevolumein thegreyscalecase.Thegranulome-
tric curve, or patternspectrum, of É with respectto » , de-
noted Ë°² Ì Æ � È is definedas the following normalisedmap-
ping:

Ë°² Ì Æ � È } ¹ �#�GË°²�� } ¹ �#� Ê�} » ¼�} É � �&�SÊ�} » ¼ Í � } É � �Ê�} É � � ¤ ¿�À �
(10)

ThepatternspectrumË°² Ì Æ � È mapseachsize
¹

to somemea-
sureof thebright imagestructureswith this size.By duality,
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theconceptof patternspectrumextendsto anti-granulometry
by closingsÎ&Ï�Ð Ñ Ò ,
Ó°Ô�Õ Ö × Ø Ð Ù4Ú�Ò Û Ó°Ô × Ð Ù4Ú�Ò ÛDÜ Ð Î&Ï�Ð Ñ Ò Ò&Ù Ü Ð Î&Ï Ý0Þ Ð Ñ Ò ÒÜ Ð Ñ Ò ß

(11)

andis usedto characterisethesizedistributionof darkimage
structures.
Thenormalisedpatternspectrumis aprobabilitydensityfunc-
tion [15], i.e.

Ó°Ô × Ð Ú�Ò is a sizehistogramof Ñ . A large im-
pulsein the patternspectrumat a given scaleindicatesthe
presenceof many imagestructuresat thatscale.
Both size distributionscan be collatedinto a uniquecurve
with closingsversussizeontheleft (negative)sideandopen-
ingsversussizeon theright (positive)side,Ó°Ô × Û*à Ó°Ô × Ð Ù4Ú�Ò á Ó°Ô × Ð Ú�Ò â ß (12)

If the sizeof the openings/closingsis ãPäDÚ�äDå , the size
distributionscan be representedas featurevectorsin a 2n-
dimensionalspace,called the granulometryspaceæ#ç èBéê ç è . Onthisspace,all thehistogramdistancemetricscanbe
usedin orderto quantifythe dissimilarityaccordingto

Ó°Ô
.

For instance,let
Ó°Ô�ë

beaquerysizedistributionand
Ó°Ô ×

be
areferencesizedistribution,bothbelongto æ#ç è , thesizedis-
tributionEuclideandistanceis definedby ì í4Ð Ó°Ô�ë á Ó°Ô × Ò#Ûî ï èð ñ Ý è Ð Ó°Ô�ë Ð ò Ò&Ù Ó°Ô × Ð ò Ò Ò ç .
4.2. Color granulometriesand texture distance

In this work, weareinterestedin thecharacterisationof tex-
turein color imagesandthereforewehave to extendtheno-
tion of granulometry, a grey toneconcept,to color images.
The simplestway is to calculatethe patternspectrum(by
openingsand closings)for eachcolor component,i.e, the
color sizedistributionor color granulometryis really theset
of threegranulometries.Moreover, we usedonly the rep-
resentationof the color imagein the RGBcolor space(the
applicationof morphologicaloperatorson othercolor space
componentshasaddeddifficulties). The color image ó is
representedby threesizedistributions

Ó°Ô0ôë ,
Ó°Ô&õë and

Ó°Ô0öë
andthe texture distanceis the sumof eachcomponentsize
distributiondistance,

ì�Ð Ó°Ô�ë á Ó°Ô × Ò#ÛGì�Ð Ó°Ô0ôë á Ó°Ô0ô× Ò�÷Iì�Ð Ó°Ô&õë á Ó°Ô&õ× Ò÷Fì�Ð Ó°Ô0öë á Ó°Ô0ö× Ò ß (13)

TheRGBcomponentsarestronglycorrelated,however pre-
liminary testsonourhaematologicaldatabasehadshown that
the approachusingthreegranulometriesperformsgenerally
betterthanthetechniqueusingonlyagranulometry, typically
on theluminancecomponent.Thereareotheralternativeap-
proachesin orderto definea moregenuinecolor sizedistri-
bution. They involve the definition of morphologicalopen-
ings/closingsin color lattices.At present,weareworkingon
this kind of techniques.

5. INTEGRATION OF COLOR AND TEXTURE
ATTRIBUTES

Theuseof asingleimageattributefor imageretrievalor clas-
sificationmay lack in sufficient discriminatoryinformation.
In orderto increasetheaccuracy of theretrievals,theresults
obtainedfrom thequerybasedonindividual featureshave to
beintegrated.In ourapproachthefeaturesof color (spectral
distributions in thedifferentcolor spaces)andtexture (mor-
phologicalcolor granulometriesin RGB) aredefinedby his-
tograms(seefigure 1), and the similarity rank or index is
doneby meansof histogramdistances.The resultsof the
color-basedandthetexture-basedretrieval canbeintegrated
by combiningtheassociateddissimilarityvalues.Weighted
linear combinationof vectorsis a possiblemethod.For in-
stance,wedefineanintegrateddistancebetweenó and Ñ as

ì�Ð ó:á Ñ Ò&Û�ø&ù ì�Ð ú ë á ú × Ò�÷ ø&û ì�Ð Ó°Ô�ë á Ó°Ô × Òø&ù ÷ ø&û á (14)

whereø&ù and ø&û aretheweightsassignedto thecolor-based
andtexture-basedsimilarity, respectively [8]. Thereareother
non-linearcombinationmethods[12]: voting,decisiontrees,
etc.,i.e,

ì�Ð ó:á Ñ Ò&ÛGü0Ð ì�Ð ú ë á ú × Ò á ì�Ð Ó°Ô�ë á Ó°Ô × Ò Ò (15)

whereü representageneralcombinationmapping.In section
6, we discussthe effectsof integrationmethodson classifi-
cationperformance.

6. APPLICATION: LEUK OCYTE CLASSIFICATION
BY COLOR-TEXTURE ANALYSIS

Leukocytes,or whitebloodcells,maybesubdividedinto five
differentcategories: (1) monocytes,(2) neutrophils,(3) ba-
sophils,(4) eosinophilsand (5) lymphocytes. When a pe-
ripheralbloodsmear, stainedwith May-GrünwualdGiemsa,
is examinedundera microscopeat ýCã þ þ magnification,the
five classesof leukocytesmaybedifferentiatedaccordingto
their morphologicalandspectralfeatures(seefigure2). The
imagesof work wereacquiredat controlledlight intensities,
thecamerais calibratedwith ablack/white-fieldimageto en-
surecorrectcolor registration.
In this section,we first evaluatethecapability, usingthedif-
ferentdistances,of the color histogramsandthe color size
distributionseparatelyfor imageclassification.Then,effects
of several integrationmethodsonclassificationperformance
are shown, a final algorithm is proposed. For the experi-
mentsdescribedweused123leukocyte color imagesof sizeÿ � � ý ÿ � � pixels1.
Oneof thekey questionsaboutany classifieror retrieval sys-
tem is how well it will perform,i.e., what is the error rate

1Theleukocyteimagedatabasemaybeobtainedfrom theauthorsupon
request.
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Figure1: Exampleof color-texturedescription:(a) leukocyte
color image,(b) histogramsof theimagetheRGBspace,and
(c) sizedistributionsin theRGB.

or the precisionrate. In orderto quantify the performance
of our classificationapproaches,we defineits precisionas,��� � � � � � 	 
�� 
�������� ��� ��� ��� � � ��� � � �  ! "�# �  � $  � #��� �%� ��� ��� � � � &(' ) ) (the
proportionof imagescorrectlyclassified).

6.1. Experimental results

Following the SPRparadigm,the experimentalstudyis di-
videdinto two modes:trainingor learningstepandclassifi-
cationor testingstep.Theimageshavebeendividedinto two
sets: * ' imagesin the trainingdataset(9 imagesbelongto
eachclass,except for class3, with 6 images),+ , imagesin
theclassificationdataset(mixtureof 5 classes).

6.1.1. Training templates

Thegoalof trainingprocedurewasto createa valid estimate
of templatesfor eachoneof thefive classesof leukocyte im-
ages.We developedit in threestages.First, computingthe
color histogramsand the color size distributions. Second,
calculatingthe meansand the covariancematricesof each

(a) (b) (c) (d) (e)

Figure2: Examplesof leukocytecolor images:(a) lympho-
cytes,(b) monocytes,(c) eosinophils,(d) neutrophilsand(e)
basophils.
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Figure3: Examplesof templatesof class ' and * : (a) his-
togramsof component- and (b) sizedistributionsof com-
ponent. ( / is class ' and 0 is class * ).

leukocyteclass1 ( 1 � ' , 2 , 3 3 3 , * ). Third, testingonthetrain-
ing data(oneway to estimatethepreliminaryprecisionis to
seehow well the techniqueclassifiesthe examplesusedto
estimatethe parameters,however, it is a very poormeasure
of generalisationability) [4]. Examplesof meantemplates
areshown in figure3.

6.1.2. Performanceof distancesandattributes

Then,for eachleukocyte patternimage(from theclassifica-
tiondataset)thedissimilarityto thetemplateswascomputed.
The leukocyte imagewasassignedto the mostsimilar tem-
plate,i.e, we chosethe classfor which the distanceis min-
imum. The goal of thesetestswasto selectthe bestcolor
histogramrepresentationandthe bestdistancemetric when
the differentfeaturesareconsideredseparately. Resultsof
theprecisionaregivenin table1.
Noneof thefour attributesaloneareenoughfor theclassifi-
cation,regardlessof thechosendistance.Thebestdistance
andthecorrespondingaccuracy were:for 45.�6 histograms,
2 ) 3 7 8 
 using 9 : ; for -<;>= histograms,8 ) 3 * * 
 using 9 ? ,
for @>A B histograms,8 ,�3 + 2 
 using 9 ? andfor color sizedis-
tributions, C 2 3 * ) 
 using 9 D (this is thebest-caseclassifica-
tion accuracy). The worst-caseclassificationaccuracy was
2 3 + + 
 using 45.�6 histogramsaccordingto the Euclidean
distance.We believe thatit maybedueto thefact thatsmall
variationsin the luminancecomponentof the color image
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Distance
Feature E F E G E H I E J

(%) (%) (%) (%)K L M>L�N>L O�P
18.05 2.77 18.05 20.83K L Q5L�R�L�STP
30.55 23.71 29.16 16.66K L UVL�W L X P
34.72 18.05 31.94 23.61K Y�Z M Y�Z N Y�Z O P
19.44 62.50 61.11 25.00

Table 1: Performanceof the different distancesand at-
tributes.

give rise to stronginfluencein the color distribution. The
generallow accuracy for the color distancesis due to the
variationof quality of the stainingprocedureof blood im-
ages(the color quantifiedis just the resultof the staining).
Thecontrolof thestainingconditionsandthecontrolof the
imageacquisitionare fundamentalas theseconditionswill
determinethe validity and the robustnessof the classifica-
tion. Thecolorgranulometriespresenteda muchhigherper-
formancein termsof accuracy (morerobust with regardto
thestainingresult).

6.1.3. Weightedlinear combinations

In order to combinethe color distanceandthe texture dis-
tance,we usedtheequation14. More specifically, thecom-
binationof E G K Y�Z%[]\ Y�Z�^ P with E J K L MVN%O[ \ L MVN%O^ P

or
E F K L Q�R S[ \ L Q�R S^ P

or E F K L U�W X[ \ L U�W X^ P
weretested.Thechoice

of _�` and _�a is determinedmoreor lessempirically. There
areseveral possibilities,for instance,the simplestis _�`<b
_�a]bdc . Anotherpossibility is to choosetheweightson the
basisof the accuracy of the individual feature-basedclassi-
fications[8]. Sincethe classificationon the basisof color
providesbetweene f g h i j and i k�g l e j accuracy in the best
caseand the texture-basedclassificationprovidesan accu-
racy of m e g n f j in thebestcase,wehave chosen_�`�boi and
_�a]bdl . Table2 presentsthe resultsof classificationon the
basisof weightedlinear integration.We observe that there-
sultsareunsatisfactory, thebestperformanceis just i c g l e j .
Thereforea linearcombinationapproachdoesnot guarantee
a betteraccuracy.

6.1.4. Weightedvotingstrategy

Theweightedvotingstrategy operatesasfollows: in response
to a matchingoperation,eachfeaturegives five gradesof
similarity to thetemplatesby increasingorderdistance.The
ranks of the dissimilarity within eachfeaturecan then be
combinedby aweightedsumto outputtheglobaldistanceto
eachtemplateaccordingto thecombinationof features.The
implementationof this approachis as follows. After sort-
ing theEuclideandistanceof color granulometries,40 votesp
12,10,8,6,4q , aredistributedbetweenthe5 leukocyte class

Features WeightedLinear Combination(%)
_�`�brc , _�a�bsc _�`Tboi , _�a�btl

E J K L MVN%O[ \ L MVN%O^ P
and E G K Y�Z%[�\ Y�Z�^ P 22.55 25.10
E F K L Q�R S[ \ L Q�R S^ P

and E G K Y�Z%[�\ Y�Z�^ P 26.30 30.12
E F K L U�W X[ \ L U�W X^ P

and E G K Y�Z%[�\ Y�Z�^ P 24.62 31.72

Features WeightedVoting Strategy(%)
20votescolor, 40votestexture

Thefour 30.55

Table2: Performanceof weightedlinear combinationsand
weightedvotingstrategy.

distances.In thesameway, accordingto thedistanceof the
best threecolor distancehistograms,20 votes

p
6,5,4,3,2q ,

aredistributedfor eachcolor space.Thevotesof eachclass
areaddedup: the mostvoted is the assignedclass. Again
theresult, i f g n n j , is disappointingandthis integrationtech-
niquewasimmediatelyrejected.

6.1.5. Conditionalsupportedcombination

Beforedefiningthenew integratedtechnique,we developed
a color normalisationphasein orderto controlany variabil-
ity of stainingprocedure. Analysing the leukocyte image
database,we observed that it is possibleto normaliseus-
ing asreferencethe backgroundcolor, i.e. the color of the
plasma.This colormustbeconstantandmoreover very uni-
form in all the blood images. The spectraluniformity in-
volvesthat thecorrespondingmodeof thehistogramis very
narrow andwehavealsoconfirmedthatthismodeis themax-
imum of thehistogram.By meansof detectionof this maxi-
mum,thebackgroundnormalisationcanbeimplementedon
eachcomponent.Thehistogramis centredaccordingto the
maximum(shiftingall thevalues).Afterwards,thedistances
arecomputedusingthenew centredhistograms.Thenotable
performanceof this normalisationon the u Z>v histograms,
theaccuracy afternormalisationis n n g n n j ( i f g n n j without
normalisation),suggestedusto includeit in thedefinitiveap-
proach.
After thatsomegeneralalternativesof combinationof color
andtexturehavebeentested,weintroducedaspecificmethod.
The approachis basedon a priority use of the color size
distribution distances.The innovation is that the color his-
togramsdistances,usingbothspacesu Z>v (normalised)andw>x y

, supportedthetexturedistancesconditionally. Thecon-
ditionsof classificationweretheconsequenceof adeepstudy
of the preliminaryresults. The detailsareas follows. The
distancesto thefive templatesarecalculated.Thethreedis-
tancesvectorsaresortedin descendingorder

p E z RG q { ,p E Q�R SF q { and
p E U�W XF q { . Then,thefollowingconditions(clas-
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sificationtree)arechecked:
1st .- If | } ~ ��r� ���(� or | } ~ ��r� �T���T� Class� .
2nd .- If | } ~ �� � � ��� or | } ~ �� � � ��� or | } ~ �� � ����� and
| } �>� �� � ������� Class� .
3rd .- If | } ~ �� � �>��� or | } ~ �� � �T��� or | } ~ �� � � ���
and | } �>� �� � �>��� and | } � � �� � ������� Class� .
4th .- If | } ~ ��r� ����� and | } �>� �� � �����T� Class� .
5th .- If | } ~ �� � � ��� or | } ~ �� � � �(� or | } ~ �� � �T���T� Class� .
6th .- If it is still notclassified� Class� | } ~ �� � � .
The accuracy of the conditionalsupportedcombinationap-
proachis equalto � ��� � � � . Note that this performanceis
very optimal.

7. CONCLUSIONS

We have presentedthe useof morphologicalcolor sizedis-
tributionsasa low-level textural featurefor classifyingand
retrieval images.In orderto improve theperformance,they
canbecombinedwith otherfeatures,typically thecolordis-
tributions. The difficulty lied in the fact thatall imagesare
very similar arethereforeneedvery precisedescription.We
concludebasedontheexperimentspresentedthatin ahomo-
geneousdatabase,the main factorsin limiting color-texture
classificationperformanceare not only the inaccuratede-
scriptionof thefeaturedistributions,but theright integration
of featuresimilarities. There, the learningprocedurein a
representative imagedatabaseis amustin orderto definethe
classificationstrategy. An efficient content-basedretrieval
schememusthave the following features:accuracy andsta-
bility, but speedaswell. In orderto improve thespeed,fast
granulometryalgorithmsare being included[21]. We are
currentlyinvestigatingthedefinitionof othermorphological
color sizedistributions,involving openings/closingin color
latticesandexploring the applicationof the presentedtech-
niquesto other homogeneousdatabases.This approachis
on the basisof an importantmoduleof our haematological
cytology imageanalysisandsemanticindexing system.
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