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ABSTRACT

Thanksto its ability to yield functionallyratherthananatomically-
basedinformation, the SPECTimagerytechniquehasbecomea
greathelpin the diagnostioof cerebreasculardiseasedNeverthe-
less,SPECTimagesare very noisy and consequentlytheir inter-
pretationis difficult. In orderto facilitate this visualization,we
proposean unsupervise@D Markovian model allowing to seg-
mentabrain SPECTimageinto threeclassesgorrespondingo the
threeexisting cerebratissuesyespectiely; “cerebrospinafluid”,
“white matter” and “grey matter”. This unsupervisedarkovian
modelrelieson a preliminarydistribution mixture parameteesti-
mation stepwhich takesinto accountthe diversity of the laws in
thedistribution mixture of a SPECTimage.Next, in orderto help
theclassificatiorof thesadmagessomefeaturesextractedrom this
segmentatiormapandthedistribution mixture parameterarethen
exploitedto constitutea discriminantfeaturevectorfor eachimage
from ourdatabaselhesdeaturevectorsarethenclusterednto two
distinct classespamely; “healthy brains” and “diseasedbrains”
(i.e., brainswith possiblecerebreasculardiseasespy usingonce
moreadistribution mixture-basedlusteringprocedureTheeffec-
tivenes®f this classificatiorschemevastestedon adatabasef 46
healthyanddiseasedbrainimages.Therateof goodclassification
(74%) indicatesthatthe proposednethodmay be usefulin a first
screenindor a braindiseaserior to amorethoroughexamination
by the nucleamphysician.

1. INTRODUCTION

SPECTimageqSinglePhotonEmissionComputedlfomogra-
phy) are obtainedby the measureof radiations(gammarays) co-
ming from radioactve isotopednjectedin the humanbody
Contraryto otherclinical medicalimagingtechniquessuchas X-
ray, CT (ComputerTomography)scanningMRI (MagneticReso-
nancelmaging),etc.,this imageryprocesss ableto give functio-
nally ratherthananatomically-basethformation,suchasthe 3D
metabolicbehaior of humanbrain, by visualizing the level of
blood flow of a setof cross-sectionamages.This study of Re-
gional CerebralBlood Flow canaid in the diagnosticof cerebro-
vasculardiseasege.g., Alzheimers diseaseParkinsons$ disease
etc.) by indicating lower, or abnormalhigher metabolicactvity
in somebrain regions.Due to theimagingprocessSPECTis the
cheapesbut also the lowest resolution3D functional visualiza-
tion technique Resultingcross-sectionaBPECTimagesare blur-
redandconsequenttheirinterpretatioris oftendifficult andsub-
jective.

In orderto facilitate this interpretationand help the clinical
diagnosticwe proposea segmentatiormodelallowing to segment
the SPECTimageinto threekinds of regions,eachoneassociated
to a specificbrainanatomicatissue respectiely ; “CSF” or cere-
brospinalfluid, “white matter”and“grey matter”[1]. In orderto
take into accountthe available3D contextual informationof these
imagesandto improve the segmentationmap, we proposea 3D
Markovian sggmentationrmodel.In orderto malke this sggmenta-
tion “unsupervised”the proposedsegmentationmodelrely on a
preliminaryestimationstepwhich estimateshe grey level statisti-
cal distribution parametepf eachaforementionedlass.In our ap-
plication,this sggmentatiormapresultandthedistributionmixture
estimatedparameter®f eachbrain SPECTimagefrom our data
setcanefficiently beexploitedto achiere aroughpre-classification
into two classesnpamely “healthybrain” and“diseasedrain” (i.e.,
brainswith possiblecerebreasculardiseases)y a classicalpat-
tern classificationapproachThis classificationstepis the second
problemwe dealwith in this paper

Oncethe featureextraction stepis achieved, different kinds
of classificatiormethodscanbe applied.A widely usedapproach
consistsin using supervisedcclassifiers.In theseapproachesthe
“prototypical” representationf eachclassis determineca priori
thanksto atrainingdataset. Amongthe commonlyusedmethods,
we cancite for instanceneuralnetworks,Bayesiarclassifiersor the
K-nearestneighborclassifier An inherentdravback of theseme-
thodsis dueto their “supervised”characteristiand the assump-
tions madeduring the training step; thesemethodsrequirea re-
liable pre-classificatiorstepof the training dataset.Besidesthey
assumehatthechoserlearningsetis largeenoughandsuficiently
informative to representhe classego be recognizedAnotherap-
proachconsistdn usinganunsupervisedlassificatiormethod.In
this casepatternclassificatiorcanthenbeviewedasa clusterana-
lysis problemwithin the featurespace.To this end, we canuse
the well knowvn K-meansclusteringprocedure[2]. Nevertheless,
one of the major dravback of this algorithmis to assumepften
wrongly, the presencef sphericalclusterswith equalvolume.in
orderto overcomethis dravback andtake into accountthe scat-
tering variability of eachcluster analternatve approachadopted
in ourapplicationconsistsn assuminghateachsampleof asame
classs arealizationof anunknavn randomprocessvith adistribu-
tion law whoseparameterareunknawvn. In thisway, theclustering
problemrequiresto solve, in a preliminarystep,a parameteesti-
mationproblemof a multivariatedistribution mixture. Then,given
the mixture modelparametersye canuseary statisticalcriterion
in orderto classifytheunknavn samples.



Anotherfundamentaproblemin patternclassificationdiscus-
sedin this paper is the featureextractionstepor the selectionof
featureswhich aremosteffective in producinganoptimumcluster
separabilityWe investigatethis problemby combiningefficiently
an unsupervisedlistribution mixture-basectlusteringprocedure
with analgebricmethodof dataprocessingalledthe Fishers me-
thod.

This paperis organizedas follows. In Section2, we detalil
the distribution mixture parameteestimationprocedure Section
3 presentghe 3D sggmentationstep and somesegymentationre-
sults.In Section4, we describethe featurevectorextractionstep.
Sections$ and6 presenthefeatureclassificatiorstepandthe pro-
poseddimensionalityreductionstrateyy.

2. MIXTURE PARAMETER ESTIMATION

Considera coupleof randomfields Z = (X,Y), whereY =
{Ys, s € S} representshe field of obserationslocatedon ¢ lat-
ticesS of N sitess (associatedb the NV pixelsof theq trans\ersal
slicesof the 3D SPECTimage),andX = {X,,s € S} thela-
belfield (relatedto the gV classlabelsof the sggmentedmage).
Eachy; takesits valuein {0, ... ,255} (256 grey levels),andeach
X, in {e1r = “CSF", e = “white matter’ es = “grey matter’}.
The distribution of (X, Y") is defined firstly, by prior distribution
Px (z), supposedo bestationaryandMarkovian andsecondlyby
site-wiselikelihoodsPy, ; x, (ys /=) whoseparamete® depends
on classlabelz. Notethat,in this application the shapeof these
distributionsvary with theclass(it will be madeexplicit in thefol-
lowing). Finally, we assumendependencbetweeneachrandom
variableY; given X;. TheobserableY is calledthe“incomplete
data”,andZ the“completedata”.

Assumingthe segmentationresultz is known or obserable
(i.e., we know the “completedata”), the parameter®f the grey
level statisticaldistribution associatetb eachclassalsocalledthe
distribution mixture parameterssanthenbe easilycomputedwith
theML estimatorof the“completedata”.

e First, andin orderto take into accountthe Poissonnoise
phenomenomherentto the SPECTimagingprocessn the“CSF”
areawe modelPy, , x (ys/e1) by aexponentiallaw [3],

1
Ey(y;a) = > eXp(—%),

with y > 0. Letnov Y = (Y1,...,Ywm) be M randomvariables,
independenandidenticallydistributedaccordingto a“single” ex-

ponentiallaw &y (y; ), andy = (y1,... ,ym) a realizationof

Y. TheML estimatomof ay. for the“completedata”is simply the
meanof thesampley [2].

e In orderto describehe luminancewithin the“white matter”
andthe “grey matter” regions, we modelthe conditionaldensity
functionfor theseregionsby a Gaussiaaw. We have found that
this distribution modelwas particularly successfuin our applica-
tion. Theoretically this assumptiorof normality is a reasonable
approximationdueto the reconstructiorphysicalprocessusedin
SPECTimageryin which the grey level of a given pixel (herein
consideredasa randomvariable)are sumsof mary variablesand
thecential limit theoemcanbeapplied[2]. Thecorrespondind/L
estimatord,, = (fu, 63,) of the“completedata”, for a sample
y distributedaccordingto a normallaw, is definedsimply by the
empiricalmeanandthe empiricalvariance.

Whenthe seggmentatiorresultis unknavn (i.e, the classlabel
of eachpixelis notsupposedo beknown), theconsideregbroblem
is morecomplex. By assuminghatthe X; areindependentthis
problemcan also be viewed as the estimationof the parameters
of K-componentmixture. In this case the obsered image,or the
sampley = {y1, ... ,y~ }, isarealizationof Y whichdistribution
hasfor density

K

Py(y) =Y m Pyyx, (y/ex, Bx),
k=1

wherethe 7, arethe mixing proportion(0 < 7, <1 forall k =
1,...,K and)_, mx = 1). In this casethe mixture component
Py, x; (y/ex, ®i) associatedo classes;, e; andez areanexpo-
nentiallaw andtwo differentGaussiaraws respectiely. In order
to obtain a reliable estimationof the parameterwe resortto the
ICE algorithm.This proceduredescribedn detailin [4, 5], is brie-
fly recallechere.This methodrelieson anestimator® (X, Y') with
goodasymptotiqropertieqlike the ML estimatorfor completely
obsereddatacase WhenX is unobserable,this procedurestarts
from aninitial parameterector®©! (nottoo far from the optimal
one)andgenerates sequenc®f parameterectorsleadingto the
optimal parametersTo this end,®"*!] at step(p + 1) is chosen
asthe conditionalexpectationof d givenY = y, computedac-
cordingto the currentvalue ®!?1. It is the bestapproximationof
® in termsof the meansquaresrror[4, 5]. By denotingE,, the
expectationrelative to parametervector®?!, [+ is computed
from @l andY = y by ®P*' = E,[$(X, Y)Y = y]. The
computationof this expectationis impossiblein practice,but we
canapproacht thanksto thelaw of large numbersy;,

1 .2 A
q>[p+1] = E [Q(x(l),y) +-+ (I)(m(n):y)]:

wherez(;y, i = 1,... ,n arerealizationsof X dravn according

to the posteriordistribution Px v (z /y, ®*1). In orderto decrease
thecomputationaload,we cantake n =1 withoutalteringthequa-
lity of theestimatior{6]. Finally, we canusethe Gibbssampleral-
gorithm[7] to simulaterealizationof X accordingo theposterior
distribution. For thelocal a priori modelof the Gibbssamplerwe
adopta three-dimensionakotropic Pottsmodelwith a first order
neighborhood8]. In this model,therearethreeparameters;alled
“the cliqgue parameterstenoteds;, 32, 83 and associatedo the
horizontal,vertical,andtrans\ersebinary cliquesrespectiely. Gi-
venthisa priori model theprior distribution Px (x) canbewritten
as,

Px(z) = exp {— Z Bse (1 — 5($s,$t))}:

<s,t>

wheresummationis taken over all pairsof neighboringsitesand
4(.) istheKroneclerdeltafunction.In orderto favor homogeneous
regionswith no privilegedorientationin the Gibbssamplessimula-
tion processwe choosels: = 31 = B2 = B3 = 1. Finally, thedistri-
bution mixtureparameteestimatiorprocedurdor the“incomplete
data”usingthe ICE procedures outlinedbelow :

Parameteinitialization : we canusethe initialization method
describedn [9] or aninitial guessor ®° (not“too far” from the
optimalone). Then®®+11 is computedrom &! in the following
way :
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TAB. 1: Estimatedparametes for the picture reportedin Fig. 2. &

standsfor the proportion of the three classeswithin the SPECT
image. a are the exponentiallaw parameter p and % are the
Gaussianaw parameter
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Fic. 1: Image histagram of the picture reportedin Fig. 2 (solid
curve)and estimatecprobability densitymixture obtainedwith the
ICE procedue (dottedanddashecturves).

1. Stochasticstep: usingthe Gibbs sampler one realization
z is simulatedaccordingto the posteriordistribution Px,y (x/y),

with parametevector®!.

2. Estimationstep: the parametewector ?*1! js estimated
with the ML estimatorof the “complete data” correspondingo
eachclass.

3.Repeatntil corvergenceis achieved; i.e.,if P+ 2 P1,
fork=1,...,K, wereturnto stepl.

Fig. 1 representtheestimatedlistribution mixtureof thebrain
SPECTimage shavn in Fig. 2. The three site-wiselikelihoods
Py, /x,(ys/ex), k = 1,2,3, (weightedby the estimatedoropor
tion 7, of eachclasse;) aresuperimposetb theimagehistogram.
Correspondingstimate®btainedby the ICE procedurerequiring
aboutfifteen iterations,are given in Table 1. We can appreciate
the quality of estimationby comparingtheimagehistogram(solid
cune) with the probabilitydensitymixturecorrespondingarame-
ters(dottedanddashecunes).

3. 3D MARKOVIAN SEGMENTATION

Basedon the estimateggiven by the ICE procedurewe can
computeanunsupervise@D Markovian sggmentatiorof brainSPECT
imagesln thisframework, theMarkovian segmentatiorcanbevie-
wedasastatisticalabelingproblemaccordingo aglobalBayesian
formulationin which the posteriordistribution
Px,v(z/y) o exp—U(z,y) hasto be maximized[8]. The cor

respondingposteriorenepgy is,

Uz, y) ZZ—IH Py, x,(ys/xs) +Zﬂst (1 —5(%,%))

SES <s8,t>

RN /

U1 Z;,y) U;(rac)

whereU; expressetheadequag betweerobserationsandlabels,
andU; representtheenepy of thea priori model. We usethede-
terministicalgorithmICM [8] to minimizethis globalenegy func-
tion. For the initialization of this algorithm,we exploit the seg-
mentationmap obtainedby a ML seggmentation.Fig. 2 displays
examplesof unsupervisethree-classegmentationexploiting pa-
rametersestimatedwith the ICE procedureln this sggmentation,
the“CSF”, the “white matter’andthe“grey matter”arerepresen-
ted by a dark, a grey, anda white region respectrely, in orderto
visually expressthe actvity level of the blood flow. Now we are
able to identify the different functional regions of a given brain
SPECTimage we canturnour attentionto theactualclassification
problem.

4. FEATURE EXTRACTION

Theaim of this featureextractionprocesss to simplify there-
presentatiorof the brain SPECTimagewith arelevant parameter
vectorgiving maximalinformationaboutthe obsered brainfunc-
tionality. Theefficiengy of theclassificatiortechniquepusedin the
next step,depends lot on the aptnessandthe discriminatingpo-
wer of theseextractedfeaturesin our application the distribution
mixture paramete(i.e., the parametersissociatedo the statistical
distribution law of the white and grey matterregions)turnedout
to bediscriminatingfor the classificatiorof a given brain SPECT
imageandto distinguishbetweerhealthyanddiseasedrains(see
Section7 andFig. 3in whichaselectiorof featurevectorscattering
areshavn for someparametersf the estimatedistribution mix-
ture).For instancethestatisticalmeanratio betweerthewhite and
grey matterclassesndtheproportionof thewhite matterseemso
be lower in the caseof a diseasedbrain.We will usetheseinteres-
ting characteristicin thefollowing.

We usethe threefeaturesextractedfrom the mixture distri-
bution parameterand/orthe sggmentationmap; namely 1) the
statisticalmeanratio betweenthe white and grey matterclasses
(u1/p2), theentropy of thegrey matterclass(E-) (closeto theva-
rianceof this class)andfinally the proportionof the white matter
class(m1). Theproportionof the grey matterclassandthe entropy
or varianceof the grey matterclassturnedout not to be discri-
minantin our application.Thesethreeaforementionegarameters
have to becomputedor eachbrain SPECTvolumeandthey male
up thefeaturevectorthatwill beusedfor theclassificatiorstep.

5. CLASSIFICATION STEP

Theobjective of unsupervisegatternclassifications to sepa-
ratethe featurevectors(or samples)nto groupsor classeso that
the setof sampleof a sameclassdiffer from eachotheraslittle as
possibleaccordingo achosercriterion.To this end,we canusea
statisticalapproachtand supposehat eachsampleof a givenclass
is a realizationof an unknavn randomprocessin that prospect,
we consideronceagaina coupleof randomfields (X, W) where
X = {Xi, 1< i< M} isthedatafield associatedo the M
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Fi1G. 2: Exampleof an unsupervisethree-dimensionailarkovian
segmentationof a brain SPECTvolumeusing the ICM determi-
nistic relaxationtechnigueandbasedon the parametes estimated
by the ICE procedue. Top: real brain SPECTvolume(16 cential
transvesal slices).Bottom: three-classMarkovian segmentation.

extractedd-dimensionafeaturevectors.Eachof the X; takesits

valuein R* andeachW = {W;, 1 <i < M} in thefinite set
{e1 = “healthybrain”, e, = “diseasedrain”}. In this classifica-
tion step,we assumehatthedistribution of (X, W) is definedby,

firstly, Pw, (ex) = pr, With k = 1,... , K, the proportionof the
classe;, and,secondly by the distribution family Px /w, (x/e€x).

We supposeéhatthe X;’s areindependengiven W andthe W;’s

arealsoindependenfor i = 1,..., M. Finally, we assumehat
X = X1,...,Xa isarealizationin, R?, of X whosedensitytakes
theform of thefollowing K-componentnixture,

K

Px(x) =Y pr Pxyw, (x/ex, ). )

k=1

In this study eachmixture componentPx ;v (x/¢€x, ¥x) is assu-
medto be a multivariate Gaussiardistribution with meanvector
ux andcovariancematrix X (¥ = (uk, Xk)),

1
Px,w, ()=

1 ty—1 (5
—WGXP{—i(X—M) o ( Mk)}-

The mixture modelis determinedby the mixing coeficients py,
the meanvector uy,, the covariancematrix 3, andthe numberof
termsin themixture K (= 2 in ourapplication) Giventhemixture
model parameterswe canusethe Bayescriteria, also called the
MAP criteria,in orderto classifythe extractedfeaturevectors|2].
In supervisedlassificationpatternknown to belongto aclass
areusedto train a classifieror to computewith the ML estimators
of the “completedata”, an estimationof the distribution mixture
parameterspy and ¥, (forallk = 1,..., K). In unsupervised
classificationapproachthe estimationproblemis more comple
becaus¢heclassof eachpatternarenotsupposedo beknown. Gi-
veninitial valuesfor the mixture parametergxpectatiorMaximi-
zation(EM) algorithm[10] or the Stochasti&EM algorithm(SEM)
[11] provide an effective anditerative Maximum Lik elihood esti-
matesof theseparametersNeverthelessthe initial parametewva-
lueshave a significantimpacton the convergenceof theseiterative
proceduresindonthequality of thefinal estimatesln our applica-
tion theseanitial parametersanbegivenby a K-meansclustering
procedureln doingso,we assumeasfirst approximationthatthe
considerectlustersare sphericalwith equalvolumes.The obtai-
ned partitionsallow to obtaina rough estimationof the mixture
parametersvhich arethenusedto initialize the EM or the SEM
clusteringandestimationprocedure.

K-meansalgorithm

This clusteringmethod[2] assumeshe presencef spherical
clusterswith equalvolumesor Gaussiardistributionswith identi-
cal covariancematrix; i.e., X1 = Iy = oI with o unknawn. In
thisiterative algorithm,wereassignateachiteration,every sample
or featurevectorto the classof the clusterwith the nearestmean.
Oncethe K = 2 partitionsareobtainedwe cancomputea rough
estimateof the proportionp;, andthe Gaussiarmixture parame-
ters¥,, for k = 1, 2, with theempiricalratio, meanandthe empi-
rical covariancematrix,

. N,

. _ 1

e = Xp = F Xi, (3)
k xiecy

$io= E[—m)xi—m) [ Wi=a] @

SEM algorithm

The SEM [11] is a recentdensitymixture estimatorwhich is
an improvementof the EM methodobtainedby the addition of
a stochasticcomponentUsinginitial value (5}, ¥)), the SEM
algorithmcanbeoutlinedasfollows :

Initializationstep: we computefor every samplex;, thecondi-
tional posteriorprobability Py, ,x; (ex/x:) (basedon parameter
vector (), ¥I)) of its belongingto the classey, for k = 1,
...,Kandfori=1,... , M

1. Stochastistep: for eachx;, we selectfrom thesetof classes
{e1,... ,ex } anelementccordingo thedistribution



Pé{}l]_/xi (e1/xi), - .- an[{;,]-/x,- (ex/x:). This selectiondefinesa

partitionC”!, . .., %! of thesamplex = x,, ... ,xu.

2. Maximizationstep: the SEM algorithmsupposethatevery
x; belongingto C,[f] fork =1,..., K isrealizedaccordingo the
distribution definedby Px ,w, (x/ex), the densitycorresponding

to the classey,. By denotingN*! = cardCI”!), we canestimate

(ﬁ,[f] , \ilgf] ), the parametersectorof the distribution mixture with
the Maximum Likelihood estimatorof the “complete data” (see
Equationg2)-(4)).

Estimationstep: For eachx;, we definethe next distribution

P%jr/l)]ii (e1/xi),. .., P%jr/;](i (ex /x;) basedon the currentpara-

metervector(pi¥!, 1),

Repeauntil convergenceis achieved; i.e.,if (p? ! HlP+1)
# (p7), 911y, wereturnto stepl.

If thecornvergenceis never completelyachieved; for instance,
in thecaseof importantoverlappingregionsbetweerclassesa so-
lution consistsn stoppingtheiterative procedurefter P iterations
andin choosinghemostfrequentlydravn partitionin the (P — k)
last iterations.Note also that this algorithm can be viewed as a
classicalECI procedurewith a multivariateGaussiammixture and
withouta priori Markovian assumptioron the data.

6. DIMENSIONALITY REDUCTION

Anotherfundamentaproblemin clusteringproceduress the
extraction and the selectionof featureswhich are most effective
in producinganoptimumclusterseparabilityandthenanaccurate
classificatiorresult. This alsoreduceghe computatiortime while
improving the quality of the classificatiorby discardingnoisy, re-
dundantaindlessusefulfeaturesThedimensionalityreductionrme-
thod that we have investigatedn this applicationis the Fishers
method[2] andconsistdn finding anddoingoptimal projectionof
thefeaturespaceo achieve maximumseparabilitypetweerclasses
andminimumscatteringetweersample®f asameclass.n doing
so,we facilitatethe classificatiorof patterndnto classesln order
to obtaintheoptimumclassseparabilitythe Fishers methodseeks
the linear combinationvectoru which minimize the within-class
inertiaandmaximizethebetween-clasmertia. This criterionleads
to maximizethefollowing separabilitycriterion,

u' T u

uty,u’

whereX,, andX; arethewithin andbetweerclassscattematrix
[2]. We solwe this problemby usingthe Lagrangemultiplier and
by definingthe mixture scattermatrix %, = X, + X (definedas

thecovarianceof all samplesegardles®f theirclassassignments).

Fisherhave shavn thatu is oneof the eigervectorsof .1, re-
latedto the (nonzero)largesteigervalue A. In orderto reducethe
d-dimensionaproblemto a r-dimensionaproblem(with r < d),
we have to considerthe r eigevectorsuy, ... , u, relatedto the
r largesteigevaluesof the matrix ;,' 3. By denoting4,,, the
matrix whoserows are definedby theser eigervectors,the new
featurevectors,definedin the projectedfeaturespace are simply
Aux; (1< 1< M). This new featurespacecontainsmostinfor-
mationof theinitial inputdataset(andno correlationbetweerthe
new featuresjf ther selecteceigevaluesrepresenthe majorpart
of thetraceof ,,,' &;.

Estimatectlasses
Trueclass Healthybrain | Diseasedrain
Healthybrain 68.2% 20.8%
Diseasedrain 31.8% 79.2%

TAB. 2: Classificationmatrix resultsusingthefull featue setand
the SEMclassificationprocedue.

7. EXPERIMENTAL RESULTS

The effectivenesf the proposectlassificatiorschemas tes-
ted on a databaseof 46 real brain SPECTvolumes(containing
24 healthybrainsand22 diseasedrains).Eachinput 3D SPECT
imageusedin thistestis composeaf 64 trans\ersalslicesof 64 x
64 pixelswith 256 grey levels. We recallthattheinitial estimates
of the mixture parametersysedby the classificationiterative pro-
ceduresaregivenby the ML estimatorof the “completedata” on
theK partitions(K=2) obtainedby the K-meansclusteringproce-
dure.Theclassof eactclusterisidentifiedby comparinghe“mean
ratio betweenthe white andgrey matterclasses'featuremeanof
eachcluster Theclustercorrespondingo the“healthybrain” class
is the one associatedo the highestmeanof this feature(cf. Fig.
3a to seethe discriminatingpower of this feature).Besidesthe
featurereductionstepis the Fishers methodandis basedon the
clustersobtainedby afirst unsupervisedlassificatiorstepwithout
dimensionalityreduction.In our applicationwe decideto convert
the d-dimensionalklusteringproblem(initially, d = 3) into a r-
dimensionatlusteringproblemallowing to keep99.9% of thedis-
criminatingpower of theinitial featurevector

In additionto the deterministicEM procedurewe have imple-
mentedandtestedthe CEM (ClassificationExpectationMaximi-
zation) algorithm[12]. This procedurecan be viewed asthe de-
terministic versionof the SEM procedureand consistssimply in
changingthe “stochasticstep” by a “classificationstep”in which
we selectheclassassociatetb themaximumconditionalposterior
probabilityobtainedat eachiterationof thealgorithm.We evaluate
now the performanceof the differentclassifierson their ability to
correctlyclassifythe brainimagesrom our databaseyith andwi-
thoutdimensionalityreductionprocedure.

e Without dimensionalityreduction,we obtain 74% rate of
good classification.This iterative procedurerequirelessthan 20
iterationsin orderto converge For ourapplicationgclassificatiorre-
sultsaresimilar for the EM or CEM procedureTable2 shavs the
classificatiormatrix usingthe full featuresetandthe SEM classi-
ficationprocedure.

e The dimensionalityreductionFishers methodallows to re-
ducethe initial three-dimensionatlusteringprobleminto a two-
dimensionalclusteringproblem(r = 2). Besidesthis dimensio-
nality reductionprocedureallows to decreas¢he necessarjmum-
berof iterationsof the SEM classificatioprocedureNevertheless,
evenif it allows to efficiently reducethe dimensionalityand in-
creasethe convergenceof the clusteringproblem,it doesnot im-
prove the classificatioraccurag. Fig. 4 shavs thescatteringpf the
featurevectorsin the reducedfeaturespace Thetwo clusterscan
easilybediscriminatedn this new projectedfeaturespace.
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and“meanratio betweernthewhite andgrey matterclasses”.
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FIG. 4: Scatteringof the featule vectos in the new projectedfea-
ture space(ground-truth).Thetwo clustes caneasilybe discrimi-
natedthanksto thedimensionalityreductionprocedue.

8. CONCLUSION
In this paperwe have describedanunsupervisedggmentation

methodwhich provedquiteadaptedor the SPECTimagesegmen-
tationproblem We have alsodescribedanunsupervisedlassifica-

tion schemen orderto roughlydistinguishthe healthybrainsfrom

the diseaseanes.We hopethis approachwill be usefulin afirst

screenindor adiseaserior to amorethoroughexaminatiorby the
nuclearphysician We have statedthesesegmentatiorandclassifi-
cationtaskswithin theBayesiarframework. In orderto male these
methods‘unsupervised”theseonesexploit or “cooperate’with a
stochasti@andBayesiarestimatiorstepwhich estimatesn a Maxi-

mum Likelihood sensethe parametersf a Gaussiardistribution

mixture. The estimationstep,involved in the segmentationtakes
into accountthe diversity of the laws in the distribution mixture
of a SPECTimageandthe segmentationMarkovian modelusea

3D spatialneighborhoodvhosestructureaccuratelydescribeghe
inherent3D spatialpropertiesof theseimages.Parameter®f the

distribution mixture of the SPECTimagehave provedto bediscri-

minant.Besidesthedescribednethodremainssuficiently general
to be appliedto othermedicaldataclassificatiorproblems(breast
lesionsfor instance).
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