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ABSTRACT
Thanksto its ability to yield functionallyratherthananatomically-
basedinformation, the SPECTimagerytechniquehasbecomea
greathelpin thediagnosticof cerebrovasculardiseases.Neverthe-
less,SPECTimagesarevery noisy andconsequentlytheir inter-
pretationis difficult. In order to facilitate this visualization,we
proposean unsupervised3D Markovian model allowing to seg-
mentabrainSPECTimageinto threeclasses,correspondingto the
threeexisting cerebraltissues,respectively ; “cerebrospinalfluid”,
“white matter” and “grey matter”. This unsupervisedMarkovian
modelrelieson a preliminarydistribution mixtureparameteresti-
mationstepwhich takesinto accountthe diversity of the laws in
thedistribution mixtureof a SPECTimage.Next, in orderto help
theclassificationof theseimages,somefeaturesextractedfromthis
segmentationmapandthedistributionmixtureparametersarethen
exploitedto constituteadiscriminantfeaturevectorfor eachimage
fromourdatabase.Thesefeaturevectorsarethenclusteredinto two
distinct classes,namely; “healthy brains” and “diseasedbrains”
(i.e., brainswith possiblecerebrovasculardiseases)by usingonce
moreadistributionmixture-basedclusteringprocedure.Theeffec-
tivenessof thisclassificationschemewastestedonadatabaseof ���
healthyanddiseasedbrainimages.Therateof goodclassification
( ����	 ) indicatesthat theproposedmethodmaybeusefulin a first
screeningfor abraindiseaseprior to amorethoroughexamination
by thenuclearphysician.

1. INTRODUCTION

SPECTimages(SinglePhotonEmissionComputedTomogra-
phy) areobtainedby the measureof radiations(gammarays)co-
ming from radioactive isotopesinjectedin thehumanbody.
Contraryto otherclinical medicalimagingtechniques,suchasX-
ray, CT (ComputerTomography)scanning,MRI (MagneticReso-
nanceImaging),etc.,this imageryprocessis ableto give functio-
nally ratherthananatomically-basedinformation,suchasthe 3D
metabolicbehavior of humanbrain, by visualizing the level of
blood flow of a setof cross-sectionalimages.This study of Re-
gional CerebralBlood Flow canaid in the diagnosticof cerebro-
vasculardiseases(e.g.,Alzheimer’s disease,Parkinson’s disease,
etc.) by indicating lower, or abnormalhigher, metabolicactivity
in somebrain regions.Due to the imagingprocess,SPECTis the
cheapestbut also the lowest resolution3D functional visualiza-
tion technique.Resultingcross-sectionalSPECTimagesareblur-
redandconsequently, their interpretationis oftendifficult andsub-
jective.

In order to facilitate this interpretationand help the clinical
diagnostic,weproposeasegmentationmodelallowing to segment
theSPECTimageinto threekindsof regions,eachoneassociated
to a specificbrainanatomicaltissue,respectively ; “CSF” or cere-
brospinalfluid, “white matter” and“grey matter” [1]. In orderto
take into accounttheavailable3D contextual informationof these
imagesand to improve the segmentationmap,we proposea 3D
Markovian segmentationmodel.In orderto make this segmenta-
tion “unsupervised”,the proposedsegmentationmodel rely on a
preliminaryestimationstepwhichestimatesthegrey level statisti-
caldistributionparameterof eachaforementionedclass.In ourap-
plication,thissegmentationmapresultandthedistributionmixture
estimatedparametersof eachbrain SPECTimagefrom our data
setcanefficiently beexploitedto achievearoughpre-classification
into two classes,namely, “healthybrain” and“diseasedbrain” (i.e.,
brainswith possiblecerebrovasculardiseases),by a classicalpat-
tern classificationapproach.This classificationstepis the second
problemwedealwith in thispaper.

Oncethe featureextraction stepis achieved, different kinds
of classificationmethodscanbeapplied.A widely usedapproach
consistsin using supervisedclassifiers.In theseapproaches,the
“prototypical” representationof eachclassis determineda priori
thanksto a trainingdataset.Amongthecommonlyusedmethods,
wecancitefor instanceneuralnetworks,Bayesianclassifiersor the
K-nearestneighborclassifier. An inherentdrawbackof theseme-
thodsis dueto their “supervised”characteristicandthe assump-
tions madeduring the training step; thesemethodsrequirea re-
liable pre-classificationstepof thetrainingdataset.Besides,they
assumethatthechosenlearningsetis largeenoughandsufficiently
informative to representtheclassesto berecognized.Anotherap-
proachconsistsin usinganunsupervisedclassificationmethod.In
thiscase,patternclassificationcanthenbeviewedasaclusterana-
lysis problemwithin the featurespace.To this end,we can use
the well known K-meansclusteringprocedure[2]. Nevertheless,
oneof the major drawbackof this algorithmis to assume,often
wrongly, thepresenceof sphericalclusterswith equalvolume.In
order to overcomethis drawbackandtake into accountthe scat-
teringvariability of eachcluster, analternative approach,adopted
in ourapplication,consistsin assumingthateachsampleof asame
classis arealizationof anunknown randomprocesswith adistribu-
tion law whoseparametersareunknown. In thisway, theclustering
problemrequiresto solve, in a preliminarystep,a parameteresti-
mationproblemof amultivariatedistributionmixture.Then,given
themixturemodelparameters,we canuseany statisticalcriterion
in orderto classifytheunknown samples.



Anotherfundamentalproblemin patternclassification,discus-
sedin this paper, is the featureextractionstepor the selectionof
featureswhicharemosteffective in producinganoptimumcluster
separability. We investigatethis problemby combiningefficiently
an unsuperviseddistribution mixture-basedclusteringprocedure
with analgebricmethodof dataprocessingcalledtheFisher’sme-
thod.

This paperis organizedas follows. In Section2, we detail
the distribution mixture parameterestimationprocedure.Section
3 presentsthe 3D segmentationstepand somesegmentationre-
sults.In Section4, we describethe featurevectorextractionstep.
Sections5 and6 presentthefeatureclassificationstepandthepro-
poseddimensionalityreductionstrategy.

2. MIXTURE PARAMETER ESTIMATION

Considera coupleof randomfields 
����������� , where ���� ���������! #" representsthe field of observationslocatedon $ lat-
tices  of % sites � (associatedto the % pixelsof the $ transversal
slicesof the & D SPECTimage),and �'� � � � �(�)�* #" the la-
bel field (relatedto the $+% classlabelsof the segmentedimage).
Each� � takesits valuein

��, �.-/-0-1�(243434" ( 243�� grey levels),andeach� � in
��5�6 � “CSF” � 5�7 � “white matter”� 5�8 � “grey matter”" .

Thedistribution of ������9� is defined,firstly, by prior distribution:<; �=�� , supposedto bestationaryandMarkovianandsecondly, by
site-wiselikelihoods

:?>�@BA ; @ �C �/D = � � whoseparameterE depends
on classlabel =F� . Note that,in this application,theshapeof these
distributionsvarywith theclass(it will bemadeexplicit in thefol-
lowing). Finally, we assumeindependencebetweeneachrandom
variable ��� given �G� . Theobservable � is calledthe“incomplete
data”,and 
 the“completedata”.

Assumingthe segmentationresult = is known or observable
(i.e., we know the “completedata”), the parametersof the grey
level statisticaldistributionassociatedto eachclass,alsocalledthe
distributionmixtureparameters,canthenbeeasilycomputedwith
theML estimatorof the“completedata”.H First, and in order to take into accountthe Poissonnoise
phenomenoninherentto theSPECTimagingprocessin the“CSF”
area,wemodel

:<>+@�A ; @ �C �0D 5I6 � by aexponentiallaw [3],J > �C�KMLN�#� OLQP/RTS U1V CLXW �
with CY� , . Let now ������ 6 �/-0-0-Z���Z[\� be ] randomvariables,
independentandidenticallydistributedaccordingto a “single” ex-
ponentiallaw

J > �CFKMLN� , and C^�_�C 6 �0-/-0-1�`C [ � a realizationof� . TheML estimatorof L ML for the“completedata”is simply the
meanof thesampleC [2].H In orderto describetheluminancewithin the“white matter”
and the “grey matter” regions,we model the conditionaldensity
function for theseregionsby a Gaussianlaw. We have found that
this distribution modelwasparticularlysuccessfulin our applica-
tion. Theoretically, this assumptionof normality is a reasonable
approximationdueto the reconstructionphysicalprocessusedin
SPECTimageryin which the grey level of a given pixel (herein
consideredasa randomvariable)aresumsof many variablesand
thecentral limit theoremcanbeapplied[2]. ThecorrespondingML
estimator aE ML �b ac ML � ad 7ML � of the “completedata”, for a sampleC distributedaccordingto a normallaw, is definedsimply by the
empiricalmeanandtheempiricalvariance.

Whenthesegmentationresultis unknown (i.e, theclasslabel
of eachpixel is notsupposedto beknown), theconsideredproblem
is morecomplex. By assumingthat the �Ge are independent,this
problemcan also be viewed as the estimationof the parameters
of K-componentmixture.In this case,theobserved image,or the
sampleC9� � C 6 �0-/-0-1�`CIfg" , is arealizationof � whichdistribution
hasfor density,: > �Ch�N�jikl0m 6�n l :?>hA ;No �C D 5 l ��E l �B�
wherethe n l arethe mixing proportion(

,qp n l p O for all rs�O �.-0-/-1�(t and u l n l � O
). In this case,the mixture component:?>hA ;No �C D 5 l �(E l � associatedto classes

5�6
,
5+7

and
5�8

areanexpo-
nentiallaw andtwo differentGaussianlaws respectively. In order
to obtaina reliableestimationof the parameter, we resortto the
ICE algorithm.Thisprocedure,describedin detailin [4, 5], is brie-
fly recalledhere.Thismethodreliesonanestimator aEv������9� with
goodasymptoticproperties(like theML estimator)for completely
observeddatacase.When � is unobservable,thisprocedurestarts
from aninitial parametervector EXw x`y (not too far from theoptimal
one)andgeneratesa sequenceof parametervectorsleadingto the
optimalparameters.To this end, E w z.{ 6 y at step }|�~ O � is chosen
as the conditionalexpectationof aE given ����C , computedac-
cordingto the currentvalue EXw z/y . It is the bestapproximationofE in termsof themeansquareserror [4, 5]. By denoting� z , the
expectationrelative to parametervector EXw z0y , EXw z.{ 6 y is computed
from E w z/y and ����C by E w z�{ 6 y ��� z<� aEg��������0� ����CI� . The
computationof this expectationis impossiblein practice,but we
canapproachit thanksto thelaw of largenumbersby,E w z�{ 6 y � O��� aEg�=<� 6�� ��Ch��~^�/�0��~�aEg�=<��� � ��Ch�����
where =<� e � �g�X� O �0-0-.-�� � arerealizationsof � drawn according
to theposteriordistribution

: ; A0> �= D CF��EXw z0y�� . In orderto decrease
thecomputationalload,wecantake � � O withoutalteringthequa-
lity of theestimation[6]. Finally, wecanusetheGibbssampleral-
gorithm[7] to simulaterealizationsof � accordingto theposterior
distribution.For thelocal a priori modelof theGibbssampler, we
adopta three-dimensionalisotropicPottsmodelwith a first order
neighborhood[8]. In thismodel,therearethreeparameters,called
“the clique parameters”denoted� 6 ��� 7 ��� 8 andassociatedto the
horizontal,vertical,andtransversebinarycliquesrespectively. Gi-
venthisa priori model,theprior distribution

:<; �=F� canbewritten
as, :<; �=���� P/RTSq� V k� �B� ��� � �`��� O VQ� �= � �`= � �`�I ?�
wheresummationis taken over all pairsof neighboringsitesand� `- � is theKroneckerdeltafunction.In orderto favorhomogeneous
regionswith noprivilegedorientationin theGibbssamplersimula-
tion process,wechoose�¡�`���¢� 6 �¢� 7 �¢� 8 � O . Finally, thedistri-
butionmixtureparameterestimationprocedurefor the“incomplete
data”usingtheICE procedureis outlinedbelow :

Parameterinitialization : we canusethe initialization method
describedin [9] or aninitial guessfor EXw x`y (not “too far” from the
optimalone).Then EXw z.{ 6 y is computedfrom EXw z0y in thefollowing
way :
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TAB. 1: Estimatedparameters for thepicture reportedin Fig. 2. n
standsfor the proportion of the three classeswithin the SPECT
image. L are the exponentiallaw parameter. c and d 7 are the
Gaussianlaw parameter.
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FIG. 1: Image histogram of the picture reportedin Fig. 2 (solid
curve)andestimatedprobabilitydensitymixtureobtainedwith the
ICE procedure (dottedanddashedcurves).

1. Stochasticstep: using the Gibbssampler, one realization= is simulatedaccordingto theposteriordistribution
: ; A0> �= D Ch� ,

with parametervector EXw z0y .
2. Estimationstep: the parametervector EXw z.{ 6 y is estimated

with the ML estimatorof the “completedata” correspondingto
eachclass.

3.Repeatuntil convergenceis achieved; i.e.,if aEXw z�{ 6 y®¯ aEXw z0y ,
for rG� O �.-/-0-1��t , we returnto step1.

Fig.1 representstheestimateddistributionmixtureof thebrain
SPECTimage shown in Fig. 2. The threesite-wiselikelihoods: > @ A ; @ �C �/D 5 l � , rs� O ��2I��& , (weightedby the estimatedpropor-
tion n l of eachclass

5 l
) aresuperimposedto theimagehistogram.

Correspondingestimatesobtainedby theICE procedure,requiring
aboutfifteen iterations,are given in Table 1. We can appreciate
thequalityof estimationby comparingtheimagehistogram(solid
curve)with theprobabilitydensitymixturecorrespondingparame-
ters(dottedanddashedcurves).

3. 3D MARKOVIAN SEGMENTATION

Basedon the estimatesgiven by the ICE procedure,we can
computeanunsupervised3DMarkoviansegmentationof brainSPECT
images.In thisframework, theMarkoviansegmentationcanbevie-
wedasastatisticallabelingproblemaccordingtoaglobalBayesian
formulationin which theposteriordistribution: ; A0> �= D Ch�±° P/RTS Vv² �=<�MC³� hasto be maximized[8]. Thecor-

respondingposteriorenergy is,² �=<��Ch��� k�B´Iµ V·¶¹¸ : > @ A ; @ �C4� D =¡�0�º »B¼ ½¾ ¤0�}¿ � À � ~ k� �B� ��� �¡�`��Á O V±� �=F���`=F�M�MÂº »B¼ ½¾ §���¿ �
where

² 6
expressestheadequacy betweenobservationsandlabels,

and

² 7
representstheenergy of thea priori model.Weusethede-

terministicalgorithmICM [8] to minimizethisglobalenergy func-
tion. For the initialization of this algorithm,we exploit the seg-
mentationmap obtainedby a ML segmentation.Fig. 2 displays
examplesof unsupervisedthree-classsegmentation,exploiting pa-
rametersestimatedwith the ICE procedure.In this segmentation,
the“CSF”, the“white matter”andthe“grey matter”arerepresen-
ted by a dark,a grey, anda white region respectively, in orderto
visually expressthe activity level of the blood flow. Now we are
able to identify the different functional regions of a given brain
SPECTimage,wecanturnourattentionto theactualclassification
problem.

4. FEATURE EXTRACTION

Theaimof this featureextractionprocessis to simplify there-
presentationof thebrainSPECTimagewith a relevant parameter
vectorgiving maximalinformationabouttheobservedbrainfunc-
tionality. Theefficiency of theclassificationtechnique,usedin the
next step,dependsa lot on theaptnessandthediscriminatingpo-
wer of theseextractedfeatures.In our application,thedistribution
mixtureparameter(i.e., theparametersassociatedto thestatistical
distribution law of the white andgrey matterregions)turnedout
to bediscriminatingfor theclassificationof a givenbrainSPECT
imageandto distinguishbetweenhealthyanddiseasedbrains(see
Section7andFig.3 in whichaselectionof featurevectorscattering
areshown for someparametersof theestimateddistribution mix-
ture).For instance,thestatisticalmeanratiobetweenthewhiteand
grey matterclassesandtheproportionof thewhitematterseemsto
belower in thecaseof a diseasedbrain.Wewill usetheseinteres-
ting characteristicsin thefollowing.

We usethe threefeaturesextractedfrom the mixture distri-
bution parametersand/orthe segmentationmap; namely,

O � the
statisticalmeanratio betweenthe white and grey matterclasses
( c 6 D c 7 ), theentropy of thegrey matterclass( � 7 ) (closeto theva-
rianceof this class)andfinally theproportionof thewhite matter
class( n 6 ). Theproportionof thegrey matterclassandtheentropy
or varianceof the grey matterclassturnedout not to be discri-
minantin our application.Thesethreeaforementionedparameters
have to becomputedfor eachbrainSPECTvolumeandthey make
up thefeaturevectorthatwill beusedfor theclassificationstep.

5. CLASSIFICATION STEP

Theobjective of unsupervisedpatternclassificationis to sepa-
ratethefeaturevectors(or samples)into groupsor classesso that
thesetof samplesof asameclassdiffer from eachotheraslittle as
possible,accordingto achosencriterion.To thisend,wecanusea
statisticalapproachandsupposethateachsampleof a givenclass
is a realizationof an unknown randomprocess.In that prospect,
we consideronceagaina coupleof randomfields �ÃÄ�(Å*� whereÃÆ� � Ã e � O p � p ]�" is the datafield associatedto the ]



FIG. 2: Exampleof an unsupervisedthree-dimensionalMarkovian
segmentationof a brain SPECTvolumeusing the ICM determi-
nistic relaxationtechniqueandbasedon theparameters estimated
by theICE procedure. Top : real brain SPECTvolume(

O � central
transversal slices).Bottom: three-classMarkovian segmentation.

extractedÇ -dimensionalfeaturevectors.Eachof the Ã¢e takes its
valuein È ÉvÊ andeach ÅË� � Å e � O p � p ]�" in the finite set��Ì06 � “healthybrain” � Ì�7 � “diseasedbrain”" . In this classifica-
tion step,weassumethatthedistributionof �ÃÍ�(Å*� is definedby,
firstly,

:�Î·o  Ì l �g�Ï| l , with rQ� O �0-0-.-Z�(t , theproportionof the
class

Ì l
and,secondly, by the distribution family

:<Ð A Î·o �Ñ D Ì l � .
We supposethat the Ã\e ’s areindependentgiven Å andthe Å)e ’s
arealso independentfor �Ò� O �0-0-/-1�B] . Finally, we assumethatÑÍ�ÓÑ 6 �0-.-0-Z��Ñ [ is arealizationin, È ÉvÊ , of Ã whosedensitytakes
theform of thefollowing t -componentmixture,: Ð �Ñ?�N� ikl0m 6 | l :1Ð A Î o �Ñ D Ì l ��Ô l �B- (1)

In this study, eachmixturecomponent
:<Ð A Î o �Ñ D Ì l �BÔ l � is assu-

med to be a multivariateGaussiandistribution with meanvectorc l andcovariancematrix Õ l ÖÔ l �* c l ��Õ l ��� ,: Ð A Î o `- ��� OÖ2 n �I×§ ��Õ l � ¤§ PBRhS<� V O2 �Ñ V c
l � � ÕXØ 6l �Ñ V c l �0 ?-

The mixture model is determinedby the mixing coefficients | l ,
the meanvector c l , thecovariancematrix Õ l andthenumberof
termsin themixture t ( �Ù2 in ourapplication).Giventhemixture
modelparameters,we canusethe Bayescriteria, alsocalled the
MAP criteria,in orderto classifytheextractedfeaturevectors[2].

In supervisedclassification,patternsknown to belongtoaclass
areusedto trainaclassifieror to compute,with theML estimators
of the “completedata”, an estimationof the distribution mixture
parameters; a| l and aÔ l (for all rÚ� O �.-0-0-Z�(t ). In unsupervised
classificationapproach,the estimationproblemis morecomplex
becausetheclassof eachpatternarenotsupposedto beknown.Gi-
veninitial valuesfor themixtureparameters,ExpectationMaximi-
zation(EM) algorithm[10] or theStochasticEM algorithm(SEM)
[11] provide an effective anditerative MaximumLikelihoodesti-
matesof theseparameters.Nevertheless,the initial parameterva-
lueshaveasignificantimpacton theconvergenceof theseiterative
proceduresandonthequalityof thefinal estimates.In ourapplica-
tion theseinitial parameterscanbegivenby a t -meansclustering
procedure.In doingso,weassume,asfirst approximation,thatthe
consideredclustersaresphericalwith equalvolumes.The obtai-
ned partitionsallow to obtain a roughestimationof the mixture
parameterswhich arethenusedto initialize the EM or the SEM
clusteringandestimationprocedure.

K-means algorithm
This clusteringmethod[2] assumesthepresenceof spherical

clusterswith equalvolumesor Gaussiandistributionswith identi-
cal covariancematrix; i.e., Õ 6 ��Õ 7 � d 7 È with d 7 unknown. In
this iterativealgorithm,wereassign,ateachiteration,everysample
or featurevectorto theclassof theclusterwith thenearestmean.
Oncethe tÛ�Ü2 partitionsareobtained,we cancomputea rough
estimatesof the proportion a| l andthe Gaussianmixtureparame-
ters aÔ l , for r9� O �B2 , with theempiricalratio,meanandtheempi-
rical covariancematrix,a| l � % l] � (2)ac l � Ñ l � O% l kÝ o ´IÞ¡ß Ñ<e`� (3)aÕ l � E à��Ñ e V ac l ���Ñ e V ac l � � �4Å e � Ì l.á - (4)

SEM algorithm
The SEM [11] is a recentdensitymixture estimatorwhich is

an improvementof the EM methodobtainedby the addition of
a stochasticcomponent.Using initial value  a| w x`yl �ZaÔ w x`yl � , the SEM
algorithmcanbeoutlinedasfollows :

Initializationstep: wecomputefor everysampleÑ1e , thecondi-
tional posteriorprobability

: Î o A Ð o  Ì l D Ñ<e�� (basedon parameter

vector  a| w x`yl ��aÔ w x`yl � ) of its belongingto the class
Ì l

, for râ� O �-0-.-Z�(t andfor ��� O �0-/-.-Z�B] .

1.Stochasticstep: for eachÑ1e , weselectfromthesetof classes��Ì 6 �.-0-0-Z� Ì i " anelementaccordingto thedistribution



: w z/yÎ·o A Ð o  Ì 6 D Ñ e �B�ã-0-0-Z� : w z/yÎ·o A Ð o  Ì i D Ñ e � . This selectiondefinesa

partition ä w z/y6 �/-.-0-1�(ä w z/yi of thesampleÑ��ÓÑ 6 �/-.-0-1�`Ñ?[ .

2. Maximizationstep: theSEMalgorithmsupposesthateveryÑ e belongingto ä w z/yl for r9� O �.-0-0-Z�(t is realizedaccordingto the
distribution definedby

: Ð A Î o �Ñ D Ì l � , the densitycorresponding

to the class
Ì l

. By denoting % w z/yl � cardÖä w z0yl � , we canestimate a| w z0yl ��aÔ w z0yl � , theparametersvectorof thedistributionmixturewith
the Maximum Likelihood estimatorof the “completedata” (see
Equations(2)-(4)).

Estimationstep: For eachÑ e , wedefinethenext distribution: w z.{ 6 yÎ·o A Ð o  Ì 6 D Ñ e �B�/-0-0-Z� : w z.{ 6 yÎ·o A Ð o  Ì i D Ñ e � basedon thecurrentpara-

metervector  a| w z/yl �ZaÔ w z/yl � .
Repeatuntil convergenceis achieved; i.e., if  a| w z.{ 6 yl �ZaÔ w z.{ 6 yl �¯  a| w z/yl ��aÔ w z/yl � , we returnto step1.

If theconvergenceis never completelyachieved; for instance,
in thecaseof importantoverlappingregionsbetweenclasses,aso-
lution consistsin stoppingtheiterativeprocedureafter

:
iterations

andin choosingthemostfrequentlydrawn partitionin the  : V r³�
last iterations.Note also that this algorithm can be viewed as a
classicalECI procedurewith a multivariateGaussianmixtureand
withouta priori Markovian assumptionon thedata.

6. DIMENSIONALITY REDUCTION

Anotherfundamentalproblemin clusteringproceduresis the
extractionand the selectionof featureswhich are most effective
in producinganoptimumclusterseparabilityandthenanaccurate
classificationresult.This alsoreducesthecomputationtime while
improving thequality of theclassificationby discardingnoisy, re-
dundantandlessusefulfeatures.Thedimensionalityreductionme-
thod that we have investigatedin this applicationis the Fisher’s
method[2] andconsistsin findinganddoingoptimalprojectionof
thefeaturespaceto achievemaximumseparabilitybetweenclasses
andminimumscatteringbetweensamplesof asameclass.In doing
so,we facilitatetheclassificationof patternsinto classes.In order
to obtaintheoptimumclassseparability, theFisher’smethodseeks
the linear combinationvector å which minimize the within-class
inertiaandmaximizethebetween-classinertia.Thiscriterionleads
to maximizethefollowing separabilitycriterion,æ � å � ÕèçFåå � Õèé9å �
where Õ é and Õèç arethewithin andbetweenclassscattermatrix
[2]. We solve this problemby usingthe Lagrangemultiplier and
by definingthemixturescattermatrix Õèê��ÙÕèéë~sÕèç (definedas
thecovarianceof all samplesregardlessof theirclassassignments).
Fisherhave shown that å is oneof theeigenvectorsof Õ Ø 6ê Õèç re-
latedto the (nonzero)largesteigenvalue ì . In orderto reducetheÇ -dimensionalproblemto a í -dimensionalproblem(with í\�ÏÇ ),
we have to considerthe í eigenvectors å 6 �0-0-0-Z�(å?î relatedto theí largesteigenvaluesof the matrix Õ Ø 6ê Õ ç . By denoting ïvð , the
matrix whoserows are definedby theseí eigenvectors,the new
featurevectors,definedin theprojectedfeaturespace,aresimplyïvð�Ñ e  O p � p ]Ï� . This new featurespacecontainsmostinfor-
mationof theinitial inputdataset(andno correlationbetweenthe
new features)if the í selectedeigenvaluesrepresentthemajorpart
of thetraceof Õ Ø 6ê Õèç .

Estimatedclasses
Trueclass Healthybrain Diseasedbrain

Healthybrain �+©T- 24	 2 , - ©�	
Diseasedbrain & O - ©�	 ��ñT- 24	

TAB. 2: Classificationmatrix resultsusingthefull feature setand
theSEMclassificationprocedure.

7. EXPERIMENTAL RESULTS

Theeffectivenessof theproposedclassificationschemeis tes-
ted on a databaseof �4� real brain SPECTvolumes(containing2�� healthybrainsand 242 diseasedbrains).Eachinput 3D SPECT
imageusedin thistestis composedof ��� transversalslicesof �+��ò�+� pixelswith 2+3+� grey levels.We recall that the initial estimates
of themixtureparameters,usedby theclassificationiterative pro-
cedures,aregivenby theML estimatorof the“completedata”on
theK partitions(K=2) obtainedby theK-meansclusteringproce-
dure.Theclassof eachclusteris identifiedby comparingthe“mean
ratio betweenthe white andgrey matterclasses”featuremeanof
eachcluster. Theclustercorrespondingto the“healthybrain” class
is the oneassociatedto the highestmeanof this feature(cf. Fig.
3a to seethe discriminatingpower of this feature).Besidesthe
featurereductionstepis the Fisher’s methodand is basedon the
clustersobtainedby afirst unsupervisedclassificationstepwithout
dimensionalityreduction.In our application,we decideto convert
the Ç -dimensionalclusteringproblem(initially, Çó��& ) into a í -
dimensionalclusteringproblemallowing to keepñ+ñT- ñ�	 of thedis-
criminatingpowerof theinitial featurevector.

In additionto thedeterministicEM procedure,wehave imple-
mentedandtestedthe CEM (ClassificationExpectationMaximi-
zation)algorithm[12]. This procedurecanbe viewed as the de-
terministicversionof the SEM procedureandconsistssimply in
changingthe “stochasticstep”by a “classificationstep” in which
weselecttheclassassociatedto themaximumconditionalposterior
probabilityobtainedateachiterationof thealgorithm.Weevaluate
now theperformanceof thedifferentclassifierson their ability to
correctlyclassifythebrainimagesfrom ourdatabase,with andwi-
thoutdimensionalityreductionprocedure.H Without dimensionalityreduction,we obtain ���I	 rate of
good classification.This iterative procedurerequirelessthan 2 ,
iterationsin orderto convergeForourapplication,classificationre-
sultsaresimilar for theEM or CEM procedure.Table2 shows the
classificationmatrix usingthefull featuresetandtheSEM classi-
ficationprocedure.H ThedimensionalityreductionFisher’s methodallows to re-
ducethe initial three-dimensionalclusteringprobleminto a two-
dimensionalclusteringproblem( íG�â2 ). Besides,this dimensio-
nality reductionprocedureallows to decreasethenecessarynum-
berof iterationsof theSEMclassificationprocedure.Nevertheless,
even if it allows to efficiently reducethe dimensionalityand in-
creasethe convergenceof the clusteringproblem,it doesnot im-
prove theclassificationaccuracy. Fig. 4 shows thescatteringof the
featurevectorsin the reducedfeaturespace.Thetwo clusterscan
easilybediscriminatedin thisnew projectedfeaturespace.
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FIG. 3: Scatteringof thefeature vectors associatedto thehealthy
anddiseasedbrain (ground-truth)for sometwo-dimensionalsub-
setsof thefull featureset.Feature subspace: Top: “entropyof the
grey matterclass” and “mean ratio betweenthe white and grey
matterclasses”.Bottom: “pr oportionof the white matterclass”
and“meanratio betweenthewhiteandgrey matterclasses”.
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FIG. 4: Scatteringof the feature vectors in thenew projectedfea-
ture space(ground-truth).Thetwoclusters caneasilybediscrimi-
natedthanksto thedimensionalityreductionprocedure.

8. CONCLUSION

In thispaper, wehavedescribedanunsupervisedsegmentation
methodwhichprovedquiteadaptedfor theSPECTimagesegmen-
tationproblem.Wehavealsodescribedanunsupervisedclassifica-

tion schemein orderto roughlydistinguishthehealthybrainsfrom
the diseasedones.We hopethis approachwill be usefulin a first
screeningfor adiseaseprior to amorethoroughexaminationby the
nuclearphysician.We have statedthesesegmentationandclassifi-
cationtaskswithin theBayesianframework. In orderto makethese
methods“unsupervised”,theseonesexploit or “cooperate”with a
stochasticandBayesianestimationstepwhichestimatesin aMaxi-
mum Likelihoodsense,the parametersof a Gaussiandistribution
mixture.The estimationstep,involved in the segmentation,takes
into accountthe diversity of the laws in the distribution mixture
of a SPECTimageandthe segmentationMarkovian modelusea
3D spatialneighborhoodwhosestructureaccuratelydescribesthe
inherent3D spatialpropertiesof theseimages.Parametersof the
distributionmixtureof theSPECTimagehaveprovedto bediscri-
minant.Besides,thedescribedmethodremainssufficiently general
to beappliedto othermedicaldataclassificationproblems(breast
lesionsfor instance).
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