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Abstract

In this paperwe presenanapproactor anunsupervisetearningof probabilisticdeformation
modesof 2D moving objectsfrom imagesequencesl heobjectrepresentatiorelieson astatistical
descriptionof global andlocal deformationsappliedto ana priori prototypeshape.The optimal
bayesiarestimateof the deformatiorprocesss obtainedoy maximizinga nonlinearjoint probabil-
ity distribution usingstochasti@anddeterministicoptimizationtechniquesThe estimate®btained
attime ¢ areintegratedin the deformationmodelasa priori knowledgefor the segmentationat
timet + 1. Deformationmodesareupdatedon-line usinga Principal Componenfnalysisof the
distorsionscomputedfrom the shapesestimatedpreviously in the image sequence.In addition,
the updateddeformationmodesare exploited for the sggmentationof new shapesn the current
imagesequenceThe approactyields a robustlearningandis demonstratedn real-worldimage
sequenceshawing thetrackingof handsundegoing2D articulatedmovements.

1 Intr oduction

Segmentingstructuresrom imagesequenceandbuilding ageneriomodelof thesestructuress a diffi-

cult taskin computervision dueto the compleity andvariability of the objectsof interest.Traditional
low-level imageprocessingechniquesusually require considerableamountsof manualintervention
andfail to designa consistentind coherentmodelof the shapeof interest. The introductionof de-
formablemodelscapablego accommodatéhe significantvariability of structuresover time andacross
differentindividuals,hasrecentlygainedconsiderablgopularityin mary applicationdields (meteo-
rology, biological or biomedicalimages,analysisof humanmotion) [18, 37, 12, 39, 33, 31]. They
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offer hencefortha fundamentabndpowerful tool to representsegment,track andmatchdeformable
structuresn imageanalysis.

1.1 Shapeand motion variability

Deformablemodelsenableo takeinto accounspecifica priori knowledgeontheshapeso behandled
andontheirvariability. Theirmathematicaloundationsarerelatedto thegeometryphysics(elasticity)
theory approximatiortheoryor statistics.General-purposactive contourg23] or snakesenforcecon-
straintscontrolledby elasticforcesbasednlocal structurejnflating forcesandimagebasedotentials
but are not adaptedo constrainthe deformationdor a particularobjectclass[5] or application. On
the otherhand,hand-ilt models[9, 42] have beenproposeddedicatedo specificapplications but
building anev modelcanbecomea quite slow andtedioustask.

It seemanoreeffective andless-timeconsumingo learnthe shapevariability from a training set.
Deformationmodesof anobjectclassmaybeidentifiedby matchingsetsof featurepoints[12]. Cootes
etal. [13] consideratrainingsetof fixedfeaturepointsspecifiednanuallyto capturethe variationsof
theshape®f interest.ThePrincipalComponenAnalysis(PCA)allowsto determinghemainvariation
modessuperimposedn a pre-computeaneanshape.However, the specificationof the the structure
andthedeformatiormodesequiresanoff-line supervisedrainingstep[12, 13, 10]. ThereforeBaum-
belg and Hogg have proposeda example-basedepresentatioof peoplewalking by computingan
eigenspaceepresentationf thekey pointsover mary imagesfrom avideosequencé¢3]. In theirap-
proach,the splinecurvesfitted to the objectoutlineshave to be normalizedfor training. This method
usesavery largetrainingsetandthereforeyieldsarobustandcompactepresentationf deformations.
However, it remainssensitve to mismatchesf knot pointsandcannothandlelargerotationsof objects.

In [3], the authorshave proposedo modeljointly the randomvariationsin shapearisingwithin
from the differencesetweenobjectsin a given classwith thoseoccurringduring objectmotion (due
to projective effects). The distinction betweenthe two sourcesof variability hasbeenpointedout
in [6, 7, 22]. In theseworks, the learningmethodis ratherdynamic,usingand modelingtemporal
imagesequencesExamplemotionsare exclusively learnedby general-purpos&ackerbasedon the
assumptiorthatthe identity of the objectdoesnot changeover time. The learneddynamicsarethen
usedin a Kalmanfilter frameawvork which enhancerackingcapabilityfor motionssimilar to thosein
thetrainingset[5, 40].

1.2 Learning shapevariability

In this paperweintroducea modelingframevork to learnautomaticallydeformatiormodesassociated
to the object of interestfrom real image datawithout any humaninteraction(suchas manualpoint



correspondence].he methodrequireshatthe objectbedescribedsthedeformationof asinglepro-
totypeobject[12, 2, 18, 3]. In contrasto worksreportedn [6, 7, 22], our approachkaimsatidentifying
theshapevariability of anobjectclassfrom temporaimagesequencediNVe assumehewholeestimated
deformationf onesingleobjectenableto constrainthe classvariability of arny objectsbelongingto
thesameobjectclass.Our methoddiffersfrom worksdescribedn [10, 3] in thatwe remove thevisual
rigid motioncomputedor eachframeto determinethe statisticaldeformatiormodes.In addition,the
matchingbetweersetsof featurepointsis alreadyknown andimplicit.

In our approachthe modelrelieson a statisticaldescriptionof shapedeformationsjn which two
deformationprocessesire considered24]. Theideato combinetwo deformationprocessegFinite
ElementMethods/ Point Distribution Models)in a generaimodelingframework, hasbeenalreadyin-
vestigatedn [11, 30]. Here,theglobaldescriptionof deformationgeliesonthe modaldecomposition
introducedby Cootesetal. in [12]. Parameterslescribingglobal shapedeformationsncludetransfor
mationsfrom the groupof similarity (translation rotation,scale)andparametergontrollingthe main
variationmodesof the template.Local deformationsare modeledasstochastigerturbationandare
assumedo follow afirst orderMarkov procesg18]. It is local in thesensehatit modelsdeformations
involving a point (andits neighbors).

The combinedsegmentation-learningrocedureds summarizechere: at the beginning of the im-
agesequenceno training hasbeenperformed. Parametergrom the groupof similarity andthe local
deformationprocessonly areidentified. The groupof similarity transformationgnablesa first crude
registrationof the shapeon the input data. For eachframe (exceptthe two first frames),the Principal
Componen#nalysisof the shapesassociatedo the local deformationprocessallows to identify and
updateglobaldeformatiormodesaswell asthe shapestructureover time. In addition,a MaximumA
Posteriori(MAP) estimateof bothlocal andglobal deformationds obtainedby maximizinga highly
nonlinearnoint probabilitydistribution describingheinteractiondbetweerobsenations(temporalgra-
dientsextractedfrom theimagein our caseandthedeformatiorprocessGlobalandlocal optimization
techniquesare necessaryo obtain optimal solutionsfor the deformationprocesq18, 4, 16]. Global
optimizationalgorithmssavesthe operatoithe botherof providing manualinitializationsfor themodel
for the first frame. Finally, the proceduredynamicallyupdateshe shapestructureaswell asthe de-
formation modesusing implicit matchingbetweensetsof featurepoints. A completelydatadriven
learningis thenobtained.

1.3 Paper organization

The remainderof this paperis organizedasfollows. The motion-basedegmentationframenork is
describedn Section2. The stochastideformablemodelandthe bayesiarestimationof deformations



are consideredn this section. In Section3, the unsupervisednethodfor training the probabilistic
deformationmodelsfrom video sequencess presented.The final section(Section4) of the paper
illustratesonepossibleapplicationof our method:trackingandmodelingmoving handson realimage
sequences.

2 Motion-basedsegmentationframework

Significantimprovementshave beenobtainedin imagesegmentationproblemsby introducingglobal

statisticalmodelssuchas Markov randomfield models(MRF) [17, 20, 26] or statisticaldeformable
models[16, 19, 2, 18, 38] thatconstain the sggmentationprocess.In the following we considerthe

problemof extractingandtrackingmoving deformableobjectsin animagesequenceOurapproactor

thesegmentatiorof deformableshapeselieson a bayesiarformulationof the problem.

2.1 A stochasticdeformable model

Description of global deformations To obtainacompactapplication-tailorealescriptionof the ob-
ject of interest,the shapetemplateandits main deformationmodesare characterizedhereusingan
on-line training procedure. This training procedurerelieson the KL expansionof the deformations
obsenedonatrainingset[35]. Thisstandardnethodin PatternRecognitiorhasbeenalreadyusedfor
theretrieval, recognitionandtrackingof articulatedanddeformableobjectsfrom grey level appearance
[41, 32,8]. Theprocedurefirst proposedy Cootesetal. for modeling2D deformationsis described
in detailin [12, 10] andis briefly recalledhere.

| Figure 1 to be placedhere

Following [10], aparticularshapex;, belongingto thetrainingpopulationis representedly a setof
n labeledpointslinked by a polygonalline or a B-splinecurve which approximatess outline (Fig. 1):

T
Xk = (me,ym,"',ﬂ@kn,ykn) .

The n labeledpointscorrespondo the mostsalientpointsof the shapeoutline. In [10], these“land-
marks” are extractedmanuallyon the learning populationand the shapeshelongingto the learning
populationarenormalizedn scale,andalignedwith respecto a commonreferencdrame. Themean
shapex andthe covariancematrix C of shapeqx;} arecomputedrom this setof normalizedshapes.
Themaindeformatiormodesof thetemplatemodelX, arethendescribedy theeigervectors® of C,
with thelargesteigervalueg[10]. Theglobally deformedemplates definedby (Fig. 1)

X = M(k,0) [X + ®b] + T (1)
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where

e T andM(k, #) accounfor rigid transformationsf thetemplaten theimageplane(T is aglobal
translatiorvector andM (&, §) performsarotationby § andascalingby &),

e &= (¢, -, 0,,)isthematrixof thefirstm (m < 2n) eigervectorsassociatetb them largest
eigevaluesandb = (by,---,b,,)T is a vectorcontainingthe weightsfor thesem deformation
modes.

A global configurationof the deformabletemplateis thus describedoy 4 + m parametergorre-
spondingto rigid transformationgfour parametersandm deformationmodesb;, 7 = 1,...,m. In
practiceonly five to serenmodesarenecessaryo standfor morethan90%of thevariability obsered
onthetrainingpopulation[10].

Description of local deformations A deformatiorprocess, appliedto ther labeledpoints,is intro-
ducedto completethe global descriptionalreadypresented Theselocal deformationsare considered
asrandomperturbations(representedby randomtranslations}hat are superimposedo the globally
deformedshape(Fig. 1). The deformationvectord is describedy a Gauss-Marke processlefined
onthegraphcorrespondingo the outline of the deformablegemplate. The Gauss-Markwe distribution
modelsthestatisticainteractiondetweerthelocal randomdeformationsppliedto neighboringooints
of thetemplatg24]. Thecompletemodelis expresseas(Fig. 1)

Y =X+46 = M, 0)[x + &b] + T + 6. (2)

whered = (4y,---,4,)" ands; = (8., 4,,)". Theprobabilitydistribution of 4 is definedby

1 1
P(d) = A ST RS 3)
P

whereR is thecovariancematrix of § andZ, designateghe partitionfunction. Assuminga first-order
Gauss-Marke model(i.e. afirst-ordemeighborhoodtructureonthegraph),thejoint distribution of é
becomes

1 1 [1 1

P(d) = — —— —16: = 51| + = ||&]1* |- 4

(8) = 5 e 2;[5?H 2 + 513 @
Parameters? ande? areinterpretecasvarianceparametersParameters? weighttheinteractions

betweemeighboringpointsandcontrol the smoothnessf local deformations.Parameters? control

the amplitudeof the local deformationvectors. Low valuesfor 7 will drav the model Y toward

the globally deformedshapeX. In our experimentstheseparametersvereassumedo be constant:

o} = o* ande? = £?, Vi. Thisis of coursean approximationsinces? ands? shoulddependon

K3
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the distancebetweenthe points of index : — 1 and:, unlessthe featurepoints are equally spaced.
Adoptingconstantaluesfor theseparameters ourimplementatiorhas,however, provedsatisfactory
in practice:the goalwasto favor smoothshapesFor instancethevaluessc = 3 ands = 2 have been
adoptedn our experiments.

2.2 Bayesianestimation of deformations

Our approaclhfor the sggmentatiorof deformableshapeselieson a bayesiarformulationof the prob-
lem. The hierarchicalmodeldefinedin the previous section(Eq. (2)) is consideredas an a priori
statisticalmodeldescribingthe configurationf the shapeof interest. Besidesoneor morespecial-
izedmodulesextractfrom theimagesequencéow-level featureqspatialor spatio-temporajradients)
thatwill beusedasobsenationsin the bayesiarestimatiornprocess.

Letd = {d(s), s € 5} designatesin obsenration field definedon a rectanguladattice S. The
obsenrationfield d, extractedfrom theimagesequencas relatedhereto thespatio-temporafariations
of theintensityfunction. Theseggmentatiorproblemis formulatedastheMaximumA PosterioriMAP)
estimationof the (hidden)randomprocessy from the obsenationfield d:

Y* = arg max PA|Y)P(Y) = arg max P(Y,d). 5)

According to the assumptioron the statisticsof 6 (Eq. (3)), Y follows a first-order Gauss-Marko
process:

1 1

P(Y) = - exp —5 (Y - X(@)) "R™ (Y - X(O)). (6)

P
whereR is the covariancematrix of process) (seeEgs.(3) and(4)) andthe meanX(®) corresponds
to (seeEq. (1))

X(®) = M(k,0) [x + ®b] + T. 7)

® = (M(k,0), T, b) denotesherethe (deterministic)setof hyperpaameters of this probabilistic
model[14].

Thedistribution P (d | Y) is thelikelihood of the obsenrationfield giventhe deformationprocess.
This distribution dependn the imageattributesusedin the segmentationandon the obsenationsat
hand. In our case this likelihood is specifiedasa Gibbsdistribution [17] which incorporatespecific
knowledgeontheapplication

PIY) = 5 exp —Ei(Y.d), ®)

whereF,(Y, d) isanenegy functionand Z, is thepartitionfunction(#,(Y, d) is specifiedn thenext
section).



Thejoint distributionappearingn Eq. (5) is thusalsoa Gibbsdistribution:

P(Y,d) = exp — Fo(Y,d), (9)

Z, Zq
where
Fo(Y,d) = Ei(Y.d) + 3 (Y - X(®) "R (Y - X(9)). (10)

LetusnoticethatZ = Z, Z; doesnotdependon @ since® only appearsn the meanof the Gaussian
distribution (seeEq. (6)). Ontheotherhand thenormalizingconstantZ, = [ exp —E,(Y,d) dd and

henceZ generallydepend®n Y. However, we shav in [28] thatfor the sgmentatiormodelconsid-
eredin Section2.3, 7, = (1 + ¢~ 1)™ is constanif M denoteghetotal numberof sitesin theimage.
Asaresult,Z = Z, Z, doesnotdependn’Y for theaimedapplicationandthe MAP estimatiorof the

deformablegemplatecomego the minimizationof globalenegy function £ (Y, d). Thefinal config-

urationof thetemplateas thusacompromisdetweerprior informationonthedeformablestructureand
image-denedinformation(seeEq. (10)). Strongprior informationaboutthetemplatedeformationss

embeddedh themodel,thanksto themodalexpansion.Themodelingof £,(Y, d) is consideredn the

next section.

2.3 Measurementof video features

In the sggmentatiorprocessthe global enegy function £4(Y, d) standsfor the interactionsdbetween
datad andthe deformableemplateY. The modelingof F£;(Y,d) is clearly problemdependentin
this sectionwe presenaimodelfor £;(Y, d) whichaimsatextractingobjectsof interestfrom animage
sequenceThis modelyields a motion-basedegmentationof the scene:objectsare characterizedby
their motionwith respecto thebackgroundThebackgroundnaybe staticor mayitself bein motion.
Thismodelrelieson temporalgradientdata(Fig. 2).

| Figure 2 to be placedhere |

LetI(¢,s), s € S denotetheintensityfunction,wheres = (z, y) designateshe 2-D spatialimage
coordinatesand? the time axis. We first assumeahat the cameras static. In orderto extractmoving
objectsfrom theimagesequenceiemporalvariations(Fig. 2) areestimatedisingtwo complementary
methods Thefirst onemeasuresariationsd; (s) onthreesuccessie images thesecondneestimates
the changesi;(s) betweerthe currentimageanda referencamagewhich is createdand updatedon
line:

di(s) = min ([Li(s) = Lene(s) [, [Lirad(s) = L) ]),
daos) = [Lres(s) = Li(s) |- (11)



whereAt designateshe time stepbetweentwo successe frames. As canbe seenthreeframesare
necessaryo obtainasegmentation:/;_x:, I; and/;, o.. Thetrackingproceduras applied,oncethefirst
sgmentatiorhasbeenobtained,.e., afterthethird frame. Thereferencamage!,.(s) is constructed
usinga linear estimatorof the backgrounddescribedn [15]. Obsenationsd;(s) presentigh values
for pointsbelongingto a moving objectand low valuesfor backgroundooints. Temporalgradients
suchasd;(s) areknown to yield poor obsenationsin homogeneou§.e. nontetured)regionsor in
the presencef self overlappingof an objectmaskduring the displacement.The secondobsenation
d(s) basedon a referencamageof the backgrounds lesssensitve to this problemandis usedas
complementarynformation.
Theobsenationfield (data)is thusdefinedas

d(s) = max (sa(di(s)), sp(da(s))) (12)
where:  s,(y) = 1 if y>np
sy,(y) = 0 otherwise (13)

wherea and  aretwo thresholddor the detectionof significantmotion. Enegy F,(Y,d) thende-
scribeghestatisticainteractionbetweerthethresholdedemporalgradientsi(s) andtheconfiguration
of the deformablemodel. For a givenconfigurationof the template the imagecanbe partitionedinto
two regions:theinsideof thetemplatel“{, correspondingo the objectof interestandthe outsideof the
templatel“? correspondingo thebackgroundEnegy £,(Y, d) tendsto enclosemoving pointsinside
the deformablemodelandto rejectstatic points, belongingto the backgroundputsidethe outline of
themodel

EfY,d) = Y |ds)=1]+ ) |d(s)=0]. (14)

seld sel@

Thismodelcanalsobegeneralizedo situationan whichthecameras itself moving (inducingaglobal
motion on the background)y usinga pre-processingtepto compensatéor the apparenmotion of
thebackground?28, 34].

2.4 Estimation of the model hyperparametersand optimization

In this section,we presenta simple,noniteratve procedurdor estimatingthe hyperparametersf the
stochastideformablemodel. For notationconveniencesthejoint distributionof Y andd is redefined
as

P(Y.d|®) = % exp — Eo(Y,d), (15)

where,asalreadynoticed,”Z doesnotdependn® oronY.
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2.4.1 Marginalized Maximum Likelihood estimation

Thesegmentatiorproblemis formulatedasthejoint estimatiorof Y andof the (unknavn) setof hyper
parameter® [14, 29]. Since® is unknavn, a standarctriterionfor estimating® is the Marginalized
MaximumLikelihood (MML) criterion[29]:

*
0" = argm(gx/

P(Y,d|®)dY = arg max / P(d|Y,®)P(Y|®)dY. (16)
Y

Y
The estimateof Y is thencomputedn turn, usingthe MML estimate®* andthe alreadyconsidered
MAP criterion:

Y* = arg max P(Y,d ©%). (17)

Estimation of ® O is estimatedaccordingto Eq. (16). We canderive a simpleestimatorfor © if
we assuméy* = X(®*) asaninitial estimatefor Y. This simplifying assumptiorexpresseshe fact
thatd = 0 when® is estimated The estimationof Y will berevisedonce®* is derived. Underthis
assumptionthe gaussiaristribution of Y, maybeapproximatedy a Dirac distribution:
1 1
P(Y|®) = — P —3 (Y -X(@) TR (Y -X(®)) ~ J(Y -X(0©)). (18)

P

It follows that
0* =~ arg max / P(d|Y,®) d(Y-X(®))dY
Y
= argmax P(d|]Y =X(®))
= arg r%in Eq.(X(®), d). (29)

Thusthe MML criterion reducesto the minimizationof the data-relatecenegy term £,(Y,d), for
Y = X(0).

Estimation of Y The MAP estimateof Y is easily derived, given the estimate®*. The MAP
criterion(seeEg. (17)) comeso theminimizationof theglobalenegy function

Y* = argmin Egx (Y, d), (20)

whereEg (Y, d) is definedby Eq. (10).

To summarizethe sggmentationof the structureof interestrequiresthe estimationof the hyper
parametersiccordingto Eq. (19) and the minimization of the global enegy function accordingto
Eq. (20). Theseg(nonlinear)optimizationstepsareperformedn differentways,dependingntheclues
usedin the sggmentatiorprocessin practice only oneiterationof the optimizationloop is performed,
providedstableseggmentatiorresults.
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3 Unsuperisedlearning of deformation modes

Giventhe above estimationschemethe goalis to updatethe object(i.e. its original structurex and

deformationmodes®) in orderto cornverge towardsa moreandmorereliableandcompactrepresen-
tation for the sggmentationtask. In our approachthe modalamplitudesb associatedo the updated
deformatiormodesareestimaten-line ateachframeof thelearningsequence.

3.1 Temporal evolution of the deformable template

Let usrecallthegeneraform of thedeformablenodelattime ¢

Y(1) = M(k(1),0(1) [R(1) + ®(1)b()] + T(t) + (1). (21)

x(t) and ®(t) respectiely designateshe meanshapeand the matrix of the m(¢) unit eigervectors
correspondingo the m(t) largesteigervaluescomputedirom the shapesup to time ¢. b(t) denotes
thevector(m(¢) x 1) of modalamplitudesassociatedo them(¢) mostsignificantdeformationmodes
attime ¢. Giventhe estimateof §(¢) andthe hyperparameter®(¢) = ( M(k(t),6(t)), T(t), b(t))
of themodel,deformationswill beanalyzedn acommonreferencecoordinatesystemasdescribedn
Section3.3.

3.2 Exercisingthe learning algorithm

Theon-linetrainingalgorithmupdateshenumberof deformatiormodesn(t) overtime. Thedifferent
stepsof thetrainingalgorithmexercisedon avideosequencarethe following:

e Processingofthe 15 image(t = 1):

o estimationof parameterd1(%(1),60(1)) andT(1)

o estimationof local deformationprocessi(1)
e Processingf the 274 image (¢t = 2):

o estimationof parameterd1(%(2),0(2)) andT(2)
o estimationdulocal deformatiorprocess (2)

o KL expansionof estimatedshapedY (t) (¢t = 1,2) andcomputatiorof X(2) et ®(2)

¢ Processingf the ;¥ image(t = 1):

12



(@]

estimationof parameter®d1(k(z), 0(z)) etT(z)

(@]

estimationof modalamplitudesb(z)

(@]

estimatiorof local deformationprocessy(z)
o KL expansionof estimatedshapesY (t) (¢t = 1, ...,¢) andupdatingof X(z) and®(:).

o Predictionof hyperparametemttime¢ + 1.

In ourapproachtheprocessingf thefirst sequences specificbecaus@oa priori knowledgeabout
deformatiormodess available.Global optimizationtechniquesrethusnecessaryo estimataeliably
M(k(1),6(1)) andT(1) andfinally Y (1) (i.e. (1) in practice).Dueto thelargesizeof thethe space
of configurationsthe computatiorof the MAP estimatds generallycomputationallydemandindut is
justifiedinsofarasthe solutionto the optimizationproblemis not constraineg&nough(noinitial guess
aboutthelocationandthedeformationss known).

On the other hand, the hyperparameterand the local deformationprocesscan be estimatedef-
ficiently and quickly on the subsequenftramesby meansof a deterministicoptimizationalgorithm
(IteratedConditionalModes— ICM [4]) anda temporalpredictionscheme:the hyperparameterare
initializedattime ¢ + 1 usingfinal estimate®btainedattime ¢. Theupdatingof thesenyperparameters
is describedn the next section.

Finally, the tracking procedurecan be completedby a statisticaldetectionof abrupttemporal
changesgdescribedn Section3.4. Whenan abruptchangeis detectedat time ¢, a global optimiza-
tion stepis performedin orderto obtainreliable estimatedor Y (¢). The computationatostis about
10 min of cpu time on SUN/SPARC10 workstationfor one256 x 256 image(seeFig. 6-8) whend(t)
is estimatedusinga simulatedannealingalgorithm. The otherframesare analyzedusingan ICM al-
gorithmcoupledwith atrackingproceduréetweertwo successe abruptchangesAs aconsequence,
theaveragecpru time falls down to lessthan1 min for oneframe.

3.3 Identification of deformation modes

Given the estimateof §(¢) andthe hyperparameter®(t) of the modelat time ¢, deformationsare
analyzedn acommonreferencecoordinatesystemby compensatinghe parameterfrom the groupof
similarity, ateachframe.In this referencecoordinatesystenthe new modely(¢) becomes

y(t) = M7(k(t).0() [Y(t) — T(1)],
y(t) = () + ®(t)b(t) + M7 (k(1),0(t)) d(2). (22)

Thetemplates easilyupdatedattime ¢ 4+ 1 accordingo a MaximumLikelihood (ML) estimator
N(t) _ 1

X(t+1) = mx(t) + m)’(t%

(23)
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1

X(t4+1) = i(t)er[

®(1)b(t) + M (k(t),0(t)8(t) ] (24)

whereN (t) is thecurrentnumberof processeérames(correspondingo thenumberof shapesinalyzed
from the beginning of thesequence).

Thedeformatiormodef themodelaredescribedy theunit eigervectorsof thecovariancematrix
C(t + 1), definedattime¢ + 1 accordingo aML estimator

Ct+1) = Nit+ D) D (y(i) = x(t+ 1) (y(i) = X(t + 1)) (25)

=1

An accuratedescriptionof the main variationmodesis obtainedby retainingin matrix ®(¢ + 1) only
them(t + 1) eigervectorsassociatedio them(t + 1) largesteigervalues. The numberof eigervalues
retainedin this representatiors adjustedhroughtime in orderto setthe lossof theinformationto a
constan{andsmall)value. Typically, betweerd5% and99% of thetotal variability is preseredin the
truncatedepresentatioriThe numberof significantmodesm(t) is thenobseredto increaseovertime
atthebeaginningof thesequencdyeforebecomingconstantvhent — oo (for instancehefinal number
of deformationrmodesn Fig. 3is five).

| Figure 3to be placedhere |

FromEgs.(24) and(25), it is easilyshovn thatx(¢ 4+ 1) andC(¢ + 1) corvergeto constantvalues
whent — oo. In practicethe infinite time correspondso a sequencef morethanmary hundred
frameswhereall representatie deformationf the objectclasshave occurredandthereby®(t) and
its associate@igervaluesarecompletelydefined.Fig. 4 shavs for instancethe evolution of the eigen-
values,associatedo the four first deformationmodes over along imagesequenceomposef sixty
frameswhen98% of thetotal variability is presered.

| Figure 4 to be placedhere

Besideswe takeadwantageof thetemporalcoherencef the objectmovementgo predictthevalue

b(t + 1) of the deformationmodesat time ¢ + 1 from the estimateat time ¢ andfrom the updated
representatiorb(¢) is theprojectionof theshapey (¢) ontothe eigenmodebasis®(t):

~

b(t+1) = ®'(t+1) (y(t) — x(t+1)). (26)

b(t+1) = ®T(t+1) (X(t) + B()b(t) + M L(k(t),0(t)) 8(t) — K(t + 1)). 27)

14



Whent — oo, we obserethat||®7(t + 1) — ®7(¢)| ~ 0 and||(t + 1) — X(t)|| ~ 0, sob(t + 1) no
longerdepend®n thetemplatex(t):

~

b(t+1) = b(t) + ®7(t) M (k(t),6(t)) &(t). (28)

~

b(t + 1) is usedasa goodinitial estimatefor the deformationmodesb(t + 1) in the next frame. By
using the temporalcoherenceof the movementof the deformablestructure,fast local optimization
techniquesanbe usedto obtainreliable MAP estimates.The experimentalresultsshow in this case
thatthe optimal solution provided by global optimizationtechniquegstochastialgorithm)is indeed
closeto theinitial estimategivenby B(t + 1) in EQ.(27). For the parameterfrom the similarity group,
we adoptthe predictionsattime ¢ + 1

M(k(t+1),0(t+1)) = M(k(t),0(t))
T(t+1) = T()

This methodis ableto provide an accurateandvery compactrepresentatioof deformations.In
Fig. 3, onecanseethata very low numberof deformationmodesis requiredto integrate98% of the
total variability on a typical testsequenceHowever, this representatiogcanbe lesscompactthanthe
methodbasedon the alignmentof extractedshapesaccordingto a Genearlized ProscrutesAnalysis
[12, 3]. Thisremarkwill be completedn Section3.5.

3.4 Detectionof abrupt changes

Whenthetrackedobjectundegoesslightdeformationswe obserethat||d(¢)|| remainsearlyconstant
andis confirmedto be a pertinentmeasurego detectabrupttemporalchanges. We wish to detect
significantchange$n themeanof ||§(¢)|| sincewe obserethat||d(¢)|| suddenlytendsto increasef the
shapevariationbetweentwo successe framesis noticeable.In that case,we proposeto re-estimate
the local deformationprocessi(¢) usinga stochastialgorithm (simulatedannealing to avoid local
maximaof the MAP criterion. In return,d(¢) is estimatedy meansof anICM algorithm([4] between
two successke jumpsinstants.

We resortto a Cumulatve sumtest,Hinkley’s test[21], to detectsignificantjumpsof the variable
|6 (¢)|| amongall meaninglessmall variations. This testwasoriginally designedo the analysisof a
gaussiarwhite noisesequencén signalprocessingln our casejt examinesthe sequencef obsered
quantities||d(¢)|| andso provide the significantjump instant. In practice the computationaload of a
suchtestis low andrequireso preciseadjustmenbf involvedthresholdsSince we areinterestednly
in theincreaseof ||4(¢)||, only onetestis performedto look for upwardgumps. We computeat each
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instantthe quantities

k

Vmin
Se o= 3 (I8l = mo— =) (k= 0) (29)
p=0
Mk = min Sk (30)
0<I<k

in whichm is theon-lineestimatedneanof ||4(¢)|| andv,.;, theexpectedminimal changemagnitude.
We accepthe hypothesighata changehasoccurredf

Sp — My > y (31)

where~ is the thresholdof the test. The estimateof jump instantis the last minimum time before
detection.n practice thistestis setoff from thesecondrame.

3.5 Discussion

The adwvantageof the describedmethodis that performanceo identify statisticaldeformationmodes
thanksto bayesiarestimatorsn comparisorwith anincreaseof the computationaload. Notethatthe
algorithm complity essentiallydependson the numberof key pointsdescribingthe shapeoutline.
Someadditionalcommentsaboutour trainingalgorithmareintroducedn this section:

e It is clearthanthetrainingcannotreliably be performedin presencef occlusionsf the object
in the imagesequenceThe missingdatawould be sourcesof noisethatwill be incorporateas
relevantsignalsin thetraining set[6]. The numberof training examplesmustbe very large in
orderto reducethis sensitvity [3].

e Our methodis insensitve to theinitial locationof the modelin the first imageandis naturally
robustto noise. In practice,we obsere thatthe learning/trackingoroceduras robustto partial
occlusionsf they occuroncemostof deformatiormodeshave alreadycorrectlybeenidentified.

e In[12,10] and[3], anormalizationstepof trainingexampless necessarpeforethe determina-
tion of statisticalmodes:the parametergrom the group of similarity (rotation, translationand
scale)enableto matchall examplesby minimizing aweightedmeansquaresrrorbetweersetsof
featurepoints. In our approachye have adoptedbayesiarestimatorgo performthis matching.
In figure 5a, we seethatthe removing of the meansquareerror betweentwo syntheticshapes
inducesa mismatchingof featurepoints. Therefore x and® arenot correctlydeterminedyiven
thegroundtruth (Fig. 5b). In realworld examplesthetemporalcoherencef themotionenables
to remove the ambiguityemphasizedh figure 5. In addition,our techniquegetsroundthe diffi-
culty of mismatching:the deformationsreanalyzedn a commonreferentialandthe matching
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is implicit sinceall shapesreparametricdeformedversionsf theinitial template However, the
KL expansionyields to eigervaluesupperto thoseobtainedby minimizationof a meansquare
error[10], increasinghe compleity of the shaperepresentation.

| Figure 5 to be placedhere

¢ No manualnterventionis requiredwhichis helpfulto reducehetedioustaskof manualselection
of featurepoints. The considerablemountsof expertinterventionshouldbe comparedo the
computationaloadnecessaryo automaticallycollecttrainingshape$rom animagesequences
describedn this paper

¢ Finally, theapproachwe proposeds unfortunatelylimited sinceaninitial templatethatapproxi-
mateghetargetobjectoutlinemustbe providedby the expert. In addition,thenumberof feature
points shouldbe large enoughto handlecomplex shapeswith mary degreesof freedoms(see
Sectiord).

4 Experimental results

In our experimentswe have consideredhe sggmentationof deformablestructureq18, 5, 10, 6, 22|
correspondindo moving handsagainststatic backgroundgFigs. 6—8). This casestudy hasalready
beenconsideredn the literature[18, 5, 10, 6, 22, 1, 8] andis usedhereto demonstratehe validity
of our training/trackingapproach.In contrastto [1], the handwasconsiderechereasa 2D structure
undegoing 2D articulatedmotions. Henceforth,visual interpretationof handgesturescan helpin
achieving theeaseandnaturalnessesiredior man-machinenterfaceg48, 36, 1].

Theimagesequencepresentedn Figs. 6-8 arecomposeaf about100256 x 256 framesandthe
obsenrationscorrespondo thresholdedemporalgradientanaps(seeSection2.3). Theinitial template
of the handis a 30-pointmodelspecifiedby the expert. We recallthatthe initial configurationof the
templateis definedat randomon the first framefor the two experimentalsequencesin our experi-
ments,we have adopteda fast suboptimalexponentialdecreasingemperatureschedulethat controls
the convergenceof the simulatedannealingalgorithm. This temperaturescheduleyieldedsatisfactory
final sggmentationsn practice.

Hand againstan uniform background Figures6aand6b presentespectrely anintermediatestep
andthefinal resultsof the MAP segmentatiorfor thefirst framecorrespondingo thefirst experimental
sequence.Figure 6a shavs the estimationof the global transformationgrom the similarity group.

17



Global deformationmodesarenot yet availableon this early stageof the training process.Figure 6b
depictsthe final sggmentationincluding the local deformationprocesswhich exclusively contributes
to the solutionin this case.A time ¢ = 2, afirst training stepis performedin orderto derive thefirst

eigenmode®(2). Thisinformationwill be exploitedattime¢ = 3. Theevolution of the numberof

eigenmodesind eigervaluescorrespondingo this sequences respectrely shaved in Figs.3and 4.

Figures7aand7d shav the similar sggmentatiorresultsfor the third framein which the deformation
modeshave beenupdatedfor the first time with the estimationobtainedfrom the secondframe. As

can be seen,the local deformationprocesqFig. 7d) is nearly unutilized on this frame becausedhe
configurationof the shapes closeto the previousone. Hencethe deformationmodescapturedon the
secondrame provide an excellenttraining for the third frame. Complementaryesultsattime ¢ = 7

andt = 14 arepresentedespectiely in Figs.7b-c)andF7e-f). We obsene thatthe contribution of the

local deformationprocesss low in presenc®f deformationslreadystoredin thetrainingset.

| Figure 6 to be placedhere |

| Figure 7 to be placedhere |

Hand againsta textured background Figure8 presentshe sameintermediateandfinal resultsfor
a secondtestsequenceshoving handmoving againsta textured background.In this case,we have
considerech cubicB-splineshapewith 30 controlpointsfor the deformablemodel. Figures8a-cshawv
the resultsof the estimationof hyperparameter®(¢) attime¢ = 103, ¢ = 105 and¢ = 109. Figure
8d-frespectrely correspondo theestimationof §(¢) atthe samemoment.

Figure 8 to be placedhere

Here,the modelhasbeenbuilt from atraining setof 50 configurationgestimatedat eachframe of
the sequenceFigure9 shaws the 3 first deformationmodescapturedoy thetrainedmodel. Thetem-
platedeformationsareobtainedby varyingthe modelamplitudes, (£ = 1,2, 3) within two standard
deviations\/\; where), is the eigervalueassociatedo the k' variationmode. Figure10 shaws the
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variationof thethreefirst eigenmodesomputedrom 11 shapeselectednanually

| Figure 9 to be placedhere |

| Figure 10to be placedhere |

In our experimentsthe numberof abruptchangesletectedy the Cumulatve sumtestessentially
dependn the complity of the deformablemotion. Although only a few abruptchangesvereob-
sened in practiceon the two imagesequenceghe numberof significantchangesnay be increased
whenthe variationbetweerntwo successie shapess noticeable In addition,the two testedsequences
weretoo shortto experimentallycheckthecorvergenceof modes.In thefuture,moreefforts shouldbe
doneto improve andcompletethesepreliminaryresults.

5 Conclusion

In this paper we have presentec generalframenork for the modelingand unsupervisedraining of
deformatiormodesof nonrigid objects.Thetechniquerelieson the definition of a prototypeshapeon
which two deformationprocesseareapplied. Thedeformationsaredescribedisingstatisticalmodels
andtheoptimalbayesiarestimateof thesedeformationss computedusingstochasti@anddeterministic
optimizationtechniques.

The proposednodelingandalgorithmicframework is comprehense andsuitedto therepresenta-
tion of a large classof deformableobjects.It maybe adaptedo segmentatiorproblembasedon other
imageattributes(luminance,color, texture, depth,etc.): the useof this techniquefor the learningof
the nonrigid motion of a beatingheat[27], is planned. The useof the learningprocedurealsoyields
promisingfuture prospectsisfar asthe characterizatioandtheinterpretatiorof thedynamicbehaior
of comple objectsis concerned.
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List of figure captions

Figurel: Descriptionof deformations.
Figure2: Obserationmaps:a) originalimage;b) thresholdedemporalgradients.

Figure3: Numberof deformationrmodesover time in theunsupervisettainingprocedurémov-
ing handagainstanuniform backgroundseeFig. 6-7)

Figure 4: Ewolution over time of eigerwvaluesassociatedo the four first deformationmodes
(moving handagainstanuniform backgroundseeFig. 6-7).

Figure5: Matchingof two syntheticshapesa) matchingby removing of the meansquareerror
betweerthetwo setsof points(uniquerotation);b) matchingof the two shapegorespondingo
thegroundtruth.

Figure6: Model-basedagmentationof a moving handagainstan uniform backgroundt time
t =1, a)Estimationof M(k(1),6(1)) andT(1) ; b) Estimationofd(1).

Figure7: Model-basedegmentatiorof a moving handagains&anuniform background.
Figure8: Model-basedegmentatiorof a moving handagainsia texturedbackground.
Figure9: Deformationf a handcapturecautomatically(seetext).

Figurel0: Deformationof a handcapturedmanually(seetext).
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Figurel: Descriptionof deformations.



Figure2: Obserationmaps:a) originalimage;b) thresholdedemporalgradients.
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Figure3: Numberof deformationmodesover time in the unsupervisedraining procedurglmoving
handagains&anuniform backgroundseeFig. 6-7).
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Figure4: Ewvolution over time of eigevaluesassociatedo the four first deformationmodes(moving
handagains&anuniform backgroundseeFig. 6-7).



Figure5: Matchingof two syntheticshapesa) matchingby removing of themeansquareerrorbetween
thetwo setsof points(uniquerotation);b) matchingof thetwo shapegorespondingo thegroundtruth.



Figure6: Model-basedegmentatiorof a moving handagainstanuniform backgroundattimet = 1 ;
a) Estimationof M(k(1),0(1)) andT(1) ; b) Estimationof §(1).



Estimationof § (¢) att = 3 (Fig. 7d),t = 7 (Fig. 7e)andt = 14 (Fig. 7f).

Figure7: Model-basedegmentatiorof a moving handagains&anuniform background.



Estimationof §(¢) at¢ = 103 (Fig. 8d),¢ = 105 (Fig. 8e)andt = 109 (Fig. 8f).

Figure8: Model-basedegmentatiorof a moving handagainsa texturedbackground.
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Figure9: Deformationf a handcapturecautomatically(seetext).
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Figure10: Deformationf a handcapturedmanually(seetext).



