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Abstract

In thispaper, we presentanapproachfor anunsupervisedlearningof probabilisticdeformation
modesof 2D moving objectsfrom imagesequences.Theobjectrepresentationreliesonastatistical
descriptionof globalandlocal deformationsappliedto ana priori prototypeshape.The optimal
bayesianestimateof thedeformationprocessis obtainedby maximizinganonlinearjoint probabil-
ity distributionusingstochasticanddeterministicoptimizationtechniques.Theestimatesobtained
at time

�
are integratedin the deformationmodelasa priori knowledgefor the segmentationat

time
�����

. Deformationmodesareupdatedon-lineusinga PrincipalComponentAnalysisof the
distorsionscomputedfrom the shapesestimatedpreviously in the imagesequence.In addition,
the updateddeformationmodesareexploited for the segmentationof new shapesin the current
imagesequence.The approachyields a robust learningandis demonstratedon real-worldimage
sequencesshowing thetrackingof handsundergoing2D articulatedmovements.

1 Intr oduction

Segmentingstructuresfrom imagesequencesandbuilding agenericmodelof thesestructuresis adiffi-

cult taskin computervisiondueto thecomplexity andvariability of theobjectsof interest.Traditional

low-level imageprocessingtechniquesusuallyrequireconsiderableamountsof manualintervention

andfail to designa consistentandcoherentmodelof theshapesof interest. The introductionof de-

formablemodelscapableto accommodatethesignificantvariability of structuresover time andacross

differentindividuals,hasrecentlygainedconsiderablepopularityin many applicationsfields (meteo-

rology, biological or biomedicalimages,analysisof humanmotion) [18, 37, 12, 39, 33, 31]. They

1C. Kervrannwaswith IRISA/INRIA Rennes,FRANCE. He is now with INRA, Biométrieet IntelligenceArtificielle,
DomainedeVilvert,78352Jouy-en-Josas,FRANCE (e-mail:ck@jouy.inra.fr).
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offer hencefortha fundamentalandpowerful tool to represent,segment,trackandmatchdeformable

structuresin imageanalysis.

1.1 Shapeand motion variability

Deformablemodelsenableto takeinto accountspecifica priori knowledgeontheshapesto behandled

andontheirvariability. Theirmathematicalfoundationsarerelatedto thegeometry, physics(elasticity)

theory, approximationtheoryor statistics.General-purposeactivecontours[23] or snakesenforcecon-

straintscontrolledby elasticforcesbasedonlocalstructure,inflatingforcesandimagebasedpotentials

but arenot adaptedto constrainthe deformationsfor a particularobjectclass[5] or application. On

the otherhand,hand-built models[9, 42] have beenproposeddedicatedto specificapplications,but

building anew modelcanbecomea quiteslow andtedioustask.

It seemsmoreeffective andless-timeconsumingto learntheshapevariability from a trainingset.

Deformationmodesof anobjectclassmaybeidentifiedby matchingsetsof featurepoints[12]. Cootes

et al. [13] considera trainingsetof fixedfeaturepointsspecifiedmanuallyto capturethevariationsof

theshapesof interest.ThePrincipalComponentAnalysis(PCA)allowsto determinethemainvariation

modessuperimposedon a pre-computedmeanshape.However, the specificationof the the structure

andthedeformationmodesrequiresanoff-line supervisedtrainingstep[12, 13,10]. Therefore,Baum-

berg and Hogg have proposeda example-basedrepresentationof peoplewalking by computingan

eigenspacerepresentationof thekey pointsover many imagesfrom a videosequence[3]. In their ap-

proach,thesplinecurvesfitted to theobjectoutlineshave to benormalizedfor training. This method

usesavery largetrainingsetandtherefore,yieldsarobustandcompactrepresentationof deformations.

However, it remainssensitiveto mismatchesof knotpointsandcannothandlelargerotationsof objects.

In [3], the authorshave proposedto model jointly the randomvariationsin shapearisingwithin

from thedifferencesbetweenobjectsin a givenclasswith thoseoccurringduringobjectmotion(due

to projective effects). The distinctionbetweenthe two sourcesof variability hasbeenpointedout

in [6, 7, 22]. In theseworks, the learningmethodis ratherdynamic,usingandmodelingtemporal

imagesequences.Examplemotionsareexclusively learnedby general-purposetrackerbasedon the

assumptionthat the identity of the objectdoesnot changeover time. The learneddynamicsarethen

usedin a Kalmanfilter framework which enhancetrackingcapabilityfor motionssimilar to thosein

thetrainingset[5, 40].

1.2 Learning shapevariability

In thispaper, weintroduceamodelingframework to learnautomaticallydeformationmodesassociated

to the objectof interestfrom real imagedatawithout any humaninteraction(suchasmanualpoint
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correspondence).Themethodrequiresthattheobjectbedescribedasthedeformationsof asinglepro-

totypeobject[12, 2, 18,3]. In contrastto worksreportedin [6, 7, 22], ourapproachaimsat identifying

theshapevariabilityof anobjectclassfrom temporalimagesequences.Weassumethewholeestimated

deformationsof onesingleobjectenableto constraintheclassvariability of any objectsbelongingto

thesameobjectclass.Ourmethoddiffersfrom worksdescribedin [10, 3] in thatweremovethevisual

rigid motioncomputedfor eachframeto determinethestatisticaldeformationmodes.In addition,the

matchingbetweensetsof featurepointsis alreadyknown andimplicit.

In our approach,themodelrelieson a statisticaldescriptionof shapedeformations,in which two

deformationprocessesareconsidered[24]. The ideato combinetwo deformationprocesses(Finite

ElementMethods/ PointDistributionModels)in a generalmodelingframework,hasbeenalreadyin-

vestigatedin [11, 30]. Here,theglobaldescriptionof deformationsrelieson themodaldecomposition

introducedby Cooteset al. in [12]. Parametersdescribingglobalshapedeformationsincludetransfor-

mationsfrom thegroupof similarity (translation,rotation,scale)andparameterscontrollingthemain

variationmodesof the template.Local deformationsaremodeledasstochasticperturbationsandare

assumedto follow afirst orderMarkov process[18]. It is local in thesensethatit modelsdeformations

involving a point (andits neighbors).

The combinedsegmentation-learningprocedureis summarizedhere: at the beginning of the im-

agesequence,no traininghasbeenperformed.Parametersfrom thegroupof similarity andthe local

deformationprocessonly areidentified. Thegroupof similarity transformationsenablesa first crude

registrationof theshapeon theinput data.For eachframe(exceptthetwo first frames),thePrincipal

ComponentAnalysisof theshapesassociatedto the local deformationprocessallows to identify and

updateglobaldeformationmodesaswell astheshapestructureover time. In addition,a MaximumA

Posteriori(MAP) estimateof both local andglobaldeformationsis obtainedby maximizinga highly

nonlinearjoint probabilitydistributiondescribingtheinteractionsbetweenobservations(temporalgra-

dientsextractedfrom theimagein ourcase)andthedeformationprocess.Globalandlocaloptimization

techniquesarenecessaryto obtainoptimal solutionsfor the deformationprocess[18, 4, 16]. Global

optimizationalgorithmssavestheoperatorthebotherof providing manualinitializationsfor themodel

for the first frame. Finally, the proceduredynamicallyupdatesthe shapestructureaswell asthede-

formationmodesusing implicit matchingbetweensetsof featurepoints. A completelydatadriven

learningis thenobtained.

1.3 Paper organization

The remainderof this paperis organizedas follows. The motion-basedsegmentationframework is

describedin Section2. Thestochasticdeformablemodelandthebayesianestimationof deformations
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areconsideredin this section. In Section3, the unsupervisedmethodfor training the probabilistic

deformationmodelsfrom video sequencesis presented.The final section(Section4) of the paper

illustratesonepossibleapplicationof ourmethod:trackingandmodelingmoving handson realimage

sequences.

2 Motion-basedsegmentationframework

Significantimprovementshave beenobtainedin imagesegmentationproblemsby introducingglobal

statisticalmodelssuchasMarkov randomfield models(MRF) [17, 20, 26] or statisticaldeformable

models[16, 19, 2, 18, 38] thatconstrain thesegmentationprocess.In the following we considerthe

problemof extractingandtrackingmoving deformableobjectsin animagesequence.Ourapproachfor

thesegmentationof deformableshapesreliesonabayesianformulationof theproblem.

2.1 A stochasticdeformable model

Description of global deformations To obtaina compactapplication-tailoreddescriptionof theob-

ject of interest,the shapetemplateandits main deformationmodesarecharacterizedhereusingan

on-line training procedure.This training procedurerelieson the KL expansionof the deformations

observedonatrainingset[35]. Thisstandardmethodin PatternRecognitionhasbeenalreadyusedfor

theretrieval, recognitionandtrackingof articulatedanddeformableobjectsfrom grey level appearance

[41, 32,8]. Theprocedure,first proposedby Cooteset al. for modeling2D deformations,is described

in detailin [12, 10] andis briefly recalledhere.

Figure 1 to beplacedhere

Following [10], aparticularshape��� belongingto thetrainingpopulationis representedby asetof	 labeledpointslinkedby a polygonalline or aB-splinecurvewhichapproximatesits outline(Fig. 1):

����
 ��������������������������������������� �"!
The 	 labeledpointscorrespondto themostsalientpointsof theshapeoutline. In [10], these“land-

marks” areextractedmanuallyon the learningpopulationand the shapesbelongingto the learning

populationarenormalizedin scale,andalignedwith respectto a commonreferenceframe.Themean

shape#� andthecovariancematrix $ of shapes%&����' arecomputedfrom thissetof normalizedshapes.

Themaindeformationmodesof thetemplatemodel ( , arethendescribedby theeigenvectors) of $ ,

with thelargesteigenvalues[10]. Thegloballydeformedtemplateis definedby (Fig. 1)

( 
+*,� -���.��0/1#�324)658792;: (1)
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where� : and *3�<-��=.>� accountfor rigid transformationsof thetemplatein theimageplane( : is aglobal

translationvector, and *,� -���.�� performsarotationby . andascalingby - ),� )?
@�<A � ����������ACBC� is thematrixof thefirst D ( DFEHG 	 ) eigenvectorsassociatedto the D largest

eigenvaluesand 5I
J� KL������������K B � � is a vectorcontainingtheweightsfor theseD deformation

modes.

A global configurationof the deformabletemplateis thusdescribedby MN2OD parameterscorre-

spondingto rigid transformations(four parameters)and D deformationmodesK=P��RQS
UTV��!�!�!���D . In

practice,only five to sevenmodesarenecessaryto standfor morethan90%of thevariability observed

on thetrainingpopulation[10].

Descriptionof local deformations A deformationprocessW , appliedto the 	 labeledpoints,is intro-

ducedto completetheglobaldescriptionalreadypresented.Theselocal deformationsareconsidered

as randomperturbations(representedby randomtranslations)that aresuperimposedto the globally

deformedshape(Fig. 1). Thedeformationvector W is describedby a Gauss-Markov processdefined

on thegraphcorrespondingto theoutlineof thedeformabletemplate.TheGauss-Markov distribution

modelsthestatisticalinteractionsbetweenthelocalrandomdeformationsappliedto neighboringpoints

of thetemplate[24]. Thecompletemodelis expressedas(Fig. 1)X 
4( 2UWY
 *3�<-��=.>�Z/�#�324)6587[2\: 2;W"! (2)

whereW]
@�<^_�=����������^1��� � and ^1`a
@�<^1b�cd��^1efc<� � . Theprobabilitydistributionof W is definedby

P �VW0�g
 Thai[j�k�lgm TG W �onqp � W (3)

wheren is thecovariancematrixof W and
hri

designatesthepartitionfunction.Assuminga first-order

Gauss-Markov model(i.e. afirst-orderneighborhoodstructureon thegraph),thejoint distributionof W
becomes

P �VW0�s
 Thri j�ktlom TG �u `wvx�
y TzV{`0| ^1` m ^�` p � | { 2 T} {`N| ^1` | {R~ ! (4)

Parameters} {` and z {` areinterpretedasvarianceparameters.Parametersz {` weighttheinteractions

betweenneighboringpointsandcontrol thesmoothnessof local deformations.Parameters} {` control

the amplitudeof the local deformationvectors. Low valuesfor } {` will draw the model
X

toward

the globally deformedshape( . In our experiments,theseparameterswereassumedto be constant:} {` 
 } { and z {` 
 z { ���r� . This is of coursean approximationsince } {` and z {` shoulddependon
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the distancebetweenthe points of index � m T and � , unlessthe featurepoints are equallyspaced.

Adoptingconstantvaluesfor theseparametersin our implementationhas,however, provedsatisfactory

in practice:thegoalwasto favor smoothshapes.For instance,thevalues} 
@� and z 
@G have been

adoptedin ourexperiments.

2.2 Bayesianestimationof deformations

Ourapproachfor thesegmentationof deformableshapesrelieson a bayesianformulationof theprob-

lem. The hierarchicalmodeldefinedin the previous section(Eq. (2)) is consideredas an a priori

statisticalmodeldescribingtheconfigurationsof theshapeof interest.Besides,oneor morespecial-

izedmodulesextractfrom theimagesequencelow-level features(spatialor spatio-temporalgradients)

thatwill beusedasobservationsin thebayesianestimationprocess.

Let ��
�%����<�V�����0�g��' designatesan observation field definedon a rectangularlattice � . The

observationfield � , extractedfrom theimagesequence,is relatedhereto thespatio-temporalvariations

of theintensityfunction.Thesegmentationproblemis formulatedastheMaximumA Posteriori(MAP)

estimationof the(hidden)randomprocess
X

from theobservationfield � :Xo� 
 �&������� k� P � �q� X � P � X �o
 �_������� k� P � X �����=! (5)

According to the assumptionon the statisticsof W (Eq. (3)), Y follows a first-orderGauss-Markov

process:

P � X �o
 Th i[j�k�lom TG � X m (���������� n p � � X m (s�f������! (6)

where n is thecovariancematrixof processW (seeEqs.(3) and(4)) andthemean(s�f��� corresponds

to (seeEq.(1)) (s�f���o
 *3�<-��=.>��/1#�324)6587�2�:�! (7)�4
���*3�<-��=.>����: ��5N� denotesherethe (deterministic)setof hyperparameters of this probabilistic

model[14].

Thedistribution P � �q� X � is the likelihoodof theobservationfield giventhedeformationprocess.

This distribution dependson the imageattributesusedin thesegmentationandon theobservationsat

hand. In our case,this likelihood is specifiedasa Gibbsdistribution [17] which incorporatesspecific

knowledgeon theapplication

P � �q� X �s
 ThR¡Sj�k�lom8¢ ¡ � X �����=� (8)

where¢ ¡ � X ����� is anenergy functionand
h£¡

is thepartitionfunction( ¢ ¡ � X ���R� is specifiedin thenext

section).
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Thejoint distributionappearingin Eq.(5) is thusalsoaGibbsdistribution:

P � X �=���s
 Thai"h£¡Sj�k�l\m9¢C¤ � X �����=� (9)

where ¢¥¤ � X ���¦�o
 ¢ ¡ � X �����§2 TG � X m (s�f���f��� n p � � X m (s�f�����=! (10)

Let usnoticethat
h 
 hai�h£¡

doesnotdependon � since � only appearsin themeanof theGaussian

distribution(seeEq.(6)). On theotherhand,thenormalizingconstant
hR¡ 
©¨ j�k�lom8¢ ¡ � X �=�¦����� and

hence
h

generallydependson
X

. However, we show in [28] thatfor thesegmentationmodelconsid-

eredin Section2.3,
h£¡ 
ª��TC2H« p � �<¬ is constantif  denotesthetotal numberof sitesin the image.

As a result,
h 
 hai£hR¡

doesnotdependon
X

for theaimedapplicationandtheMAP estimationof the

deformabletemplatecomesto theminimizationof globalenergy function ¢¥¤ � X �=�¦� . Thefinal config-

urationof thetemplateis thusacompromisebetweenprior informationonthedeformablestructureand

image-derivedinformation(seeEq.(10)). Strongprior informationaboutthetemplatedeformationsis

embeddedin themodel,thanksto themodalexpansion.Themodelingof ¢ ¡ � X �=�¦� is consideredin the

next section.

2.3 Measurementof video features

In thesegmentationprocess,theglobalenergy function ¢ ¡ � X ����� standsfor the interactionsbetween

data � andthedeformabletemplate
X

. Themodelingof ¢ ¡ � X �=�¦� is clearlyproblemdependent.In

thissectionwepresentamodelfor ¢ ¡ � X �=��� whichaimsatextractingobjectsof interestfrom animage

sequence.This modelyieldsa motion-basedsegmentationof thescene:objectsarecharacterizedby

theirmotionwith respectto thebackground.Thebackgroundmaybestaticor mayitself bein motion.

Thismodelrelieson temporalgradientdata(Fig. 2).

Figure 2 to beplacedhere

Let ®¯�±°����V���£�N�²� denotetheintensityfunction,where�³
?�<a����� designatesthe2-D spatialimage

coordinatesand ° the time axis. We first assumethat thecamerais static. In orderto extractmoving

objectsfrom theimagesequence,temporalvariations(Fig. 2) areestimatedusingtwo complementary

methods.Thefirst onemeasuresvariations� � �<�V� onthreesuccessive images; thesecondoneestimates

thechanges� { � �´� betweenthecurrentimageanda referenceimagewhich is createdandupdatedon

line:

�t��� �´��
 �¶µ¸·¹����®�ºf�<�V� m ®�º p�» ºf�<�V�a�¼�½��®�º¿¾ » ºf� �V� m ®�ºf�<�V�a���À�� { � �´��
 ��®�ÁfÂdÃV�<�V� m ® º � �´�Ä�Å! (11)
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where ÆN° designatesthe time stepbetweentwo successive frames.As canbe seen,threeframesare

necessaryto obtainasegmentation:®�º p�» º , ®�º and ®�º¿¾ » º . Thetrackingprocedureisapplied,oncethefirst

segmentationhasbeenobtained,i.e., afterthethird frame.Thereferenceimage ® ÁfÂdÃ � �V� is constructed

usinga linearestimatorof thebackgrounddescribedin [15]. Observations �t���<�V� presenthigh values

for pointsbelongingto a moving objectand low valuesfor backgroundpoints. Temporalgradients

suchas �t���<�V� areknown to yield poorobservationsin homogeneous(i.e. nontextured)regionsor in

thepresenceof self overlappingof anobjectmaskduring thedisplacement.Thesecondobservation� { �<�V� basedon a referenceimageof the backgroundis lesssensitive to this problemandis usedas

complementaryinformation.

Theobservationfield (data)is thusdefinedas

���<�V�g
 ��� k �t�&Ç��<�t���<�V�������LÈ�� � { �<�V����� (12)

where: ��ÉV� �À��
 T if �§Ê9Ë��ÉV� �À��
 Ì otherwise� (13)

where Í and Î aretwo thresholdsfor the detectionof significantmotion. Energy ¢ ¡ � X ���R� thende-

scribesthestatisticalinteractionbetweenthethresholdedtemporalgradients���<�V� andtheconfiguration

of thedeformablemodel.For a givenconfigurationof thetemplate,the imagecanbepartitionedinto

two regions:theinsideof thetemplateÏZÐYY correspondingto theobjectof interestandtheoutsideof the

templateÏ½ÑYY correspondingto thebackground.Energy ¢ ¡ � X ���R� tendsto enclosemoving pointsinside

thedeformablemodelandto rejectstaticpoints,belongingto thebackground,outsidethe outlineof

themodel ¢ ¡ � X ���¦�o
 uÒ_Ó�Ô�Õ
YY

�f���<�V� m T��&2 uÒ&Ó�Ô�Ö
YY

�f���<�V� m Ì×�¼! (14)

Thismodelcanalsobegeneralizedto situationsin whichthecamerais itself moving (inducingaglobal

motionon the background)by usinga pre-processingstepto compensatefor theapparentmotionof

thebackground[28, 34].

2.4 Estimation of the modelhyperparametersand optimization

In this section,we presenta simple,noniterative procedurefor estimatingthehyperparametersof the

stochasticdeformablemodel.For notationconveniences,thejoint distributionof
X

and � is redefined

as

P � X ���������s
 Th j�k�lØm9¢¥¤ � X ���¦�=� (15)

where,asalreadynoticed,
h

doesnotdependon � or on
X

.
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2.4.1 Marginalized Maximum Likelihood estimation

Thesegmentationproblemis formulatedasthejoint estimationof
X

andof the(unknown)setof hyper-

parameters� [14, 29]. Since � is unknown, a standardcriterionfor estimating� is theMarginalized

MaximumLikelihood(MML) criterion[29]:

� � 
 �_������� k¤ Ù � P � X ���������¦� X 
 �&������� k¤ Ù � P �<�q� X ����� P � X �����£� X ! (16)

Theestimateof
X

is thencomputedin turn, usingtheMML estimate� �
andthealreadyconsidered

MAP criterion: X � 
 �_������� k� P � X ���Ú��� � ��! (17)

Estimation of � � is estimatedaccordingto Eq. (16). We canderive a simpleestimatorfor � if

we assume
X � 
O(s�f� � � asaninitial estimatefor

X
. This simplifying assumptionexpressesthefact

that Wg
ÜÛ when � is estimated.Theestimationof
X

will berevisedonce � �
is derived. Underthis

assumption,thegaussiandistributionof
X

, maybeapproximatedby a Diracdistribution:

P � X �����s
 Thai j�ktlom TG � X m (s���]��� � n p � � X m (��������sÝ Þ³� X m (s���]����! (18)

It followsthat

� � Ý �_�����ß� k¤ Ù � P �<�q� X �a���¶Þ³� X m (s���]���a� X
 �_�����ß� k¤ P �<��� X 
9(s�f�����
 �_�����¶µ¸·¤ ¢ ¡ �±(s�f���=���¦�=! (19)

Thusthe MML criterion reducesto the minimizationof the data-relatedenergy term ¢ ¡ � X ���R� , forX 
9(������ .
Estimation of

X
The MAP estimateof

X
is easily derived, given the estimate� �

. The MAP

criterion(seeEq.(17))comesto theminimizationof theglobalenergy functionX � 
 �_�����§µ¸·� ¢ ¤ � � X ���R��� (20)

where ¢¥¤ � X ���¦� is definedby Eq.(10).

To summarize,the segmentationof the structureof interestrequiresthe estimationof the hyper-

parametersaccordingto Eq. (19) and the minimization of the global energy function accordingto

Eq.(20). These(nonlinear)optimizationstepsareperformedin differentways,dependingon theclues

usedin thesegmentationprocess.In practice,only oneiterationof theoptimizationloop is performed,

providedstablesegmentationresults.
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3 Unsupervisedlearning of deformation modes

Given the above estimationscheme,the goal is to updatethe object(i.e. its original structure #� and

deformationmodes) ) in orderto converge towardsa moreandmorereliableandcompactrepresen-

tation for the segmentationtask. In our approach,the modalamplitudes5 associatedto the updated

deformationmodesareestimatedon-lineateachframeof thelearningsequence.

3.1 Temporal evolution of the deformable template

Let usrecallthegeneralform of thedeformablemodelat time °X �±°��s
 *3�<-��±°�����.��±°����ß/1#�£�±°��§24)��d°��>5��d°��´7S2\: �d°��¶2àW��±°��=! (21)

#���±°�� and )��±°�� respectively designatesthe meanshapeand the matrix of the Ds�d°�� unit eigenvectors

correspondingto the Ds�d°�� largesteigenvaluescomputedfrom the shapesup to time ° . 5��±°�� denotes

thevector( Ds�±°��CáoT ) of modalamplitudesassociatedto the Dâ�d°�� mostsignificantdeformationmodes

at time ° . Given the estimateof W��±°�� andthe hyperparameters���±°��0
à�´*,� -��±°��=��.t�d°�������:��±°����¯5��d°��¯�
of themodel,deformationswill beanalyzedin a commonreferencecoordinatesystemasdescribedin

Section3.3.

3.2 Exercisingthe learning algorithm

Theon-linetrainingalgorithmupdatesthenumberof deformationmodesDs�±°�� over time. Thedifferent

stepsof thetrainingalgorithmexercisedona videosequencearethefollowing:� Processingof the T Ò º image( °�
@T ):ã estimationof parameters*3�<-���T_���=.t��T&��� and :���T&�ã estimationof localdeformationprocessW���T_�� Processingof the G � ¡ image( °�
äG ):ã estimationof parameters*3�<-�� G>���=.t�<G���� and :��<G��ã estimationdu local deformationprocessW��<G��ã KL expansionof estimatedshapes
X �±°����±°�
@T���G>� andcomputationof #��� G>� et )�� G>�

.

.

.

� Processingof the � º¿å image( °�
O� ):
12



ã estimationof parameters*3�<-�� ������.��<����� et :��<���ã estimationof modalamplitudes5��<���ã estimationof localdeformationprocessW�� ���ã KL expansionof estimatedshapes
X �±°����±°�
@T���!¸!¿!¸����� andupdatingof #��� ��� and )��<�f� .ã Predictionof hyperparametersat time °"2äT .

In ourapproach,theprocessingof thefirst sequenceisspecificbecausenoa priori knowledgeabout

deformationmodesis available.Globaloptimizationtechniquesarethusnecessaryto estimatereliably*3�<-���T_�=��.t��T_��� and :���T_� andfinally
X ��T&� (i.e. W"��T_� in practice).Dueto thelargesizeof thethespace

of configurations,thecomputationof theMAP estimateis generallycomputationallydemandingbut is

justifiedinsofarasthesolutionto theoptimizationproblemis notconstrainedenough(no initial guess

aboutthelocationandthedeformationsis known).

On the other hand,the hyperparametersand the local deformationprocesscanbe estimatedef-

ficiently andquickly on the subsequentframesby meansof a deterministicoptimizationalgorithm

(IteratedConditionalModes– ICM [4]) anda temporalpredictionscheme:the hyperparametersare

initializedat time °�29T usingfinal estimatesobtainedat time ° . Theupdatingof thesehyperparameters

is describedin thenext section.

Finally, the tracking procedurecan be completedby a statisticaldetectionof abrupt temporal

changes,describedin Section3.4. Whenan abruptchangeis detectedat time ° , a global optimiza-

tion stepis performedin orderto obtainreliableestimatesfor
X �±°�� . Thecomputationalcostis about

10 min of CPU time on SUN/SPARC10 workstationfor one GVæ�çqá�GVæVç image(seeFig. 6-8) when Wa�d°��
is estimatedusinga simulatedannealingalgorithm. Theotherframesareanalyzedusingan ICM al-

gorithmcoupledwith a trackingprocedurebetweentwo successive abruptchanges.As aconsequence,

theaverageCPU time falls down to lessthan1 min for oneframe.

3.3 Identification of deformation modes

Given the estimateof W��±°�� and the hyperparameters�s�d°�� of the modelat time ° , deformationsare

analyzedin a commonreferencecoordinatesystemby compensatingtheparametersfrom thegroupof

similarity, ateachframe.In this referencecoordinatesystemthenew model è��d°�� becomesè��±°��à
 *ép � � -��±°����=.t�±°����¶/ X �±°�� m : �d°��´7��è��±°��à
 #�£�±°��§24)��d°��>5��d°��¶2\* p � �<-��d°�����.��±°�����WÄ�±°���! (22)

Thetemplateis easilyupdatedat time °"2äT accordingto a MaximumLikelihood(ML) estimator

#�R�±°�2HT&�g
 ê �d°��ê �±°�2HT&� #�£�±°���2 Tê �±°�2HT_� è��±°���� (23)

13



#���d°r2äT_�o
 #���d°���2 Tê �±°"2äT_�ìë )��d°��f5��±°��a2[*ép � � -��±°����=.t�±°�����Wa�±°���í (24)

whereê �±°�� is thecurrentnumberof processedframes(correspondingto thenumberof shapesanalyzed

from thebeginningof thesequence).

Thedeformationmodesof themodelaredescribedby theunit eigenvectorsof thecovariancematrix$��±°�2HT&� , definedat time °�2HT accordingto aML estimator

$��±°R2äT_�s
 Tê �±°�2HT_� º¿¾x�u `îvx� �dè�� ��� m #�£�±°�2HT_��� � �±è��<�f� m #�R�d°"2äT_���=! (25)

An accuratedescriptionof themainvariationmodesis obtainedby retainingin matrix )��d°�2OT&� only

the Ds�±°R2OT&� eigenvectorsassociatedto the Ds�d°R2OT_� largesteigenvalues.Thenumberof eigenvalues

retainedin this representationis adjustedthroughtime in orderto setthe lossof the informationto a

constant(andsmall)value.Typically, betweenïVæ>ð and ïVï�ð of thetotal variability is preservedin the

truncatedrepresentation.Thenumberof significantmodesDs�d°�� is thenobservedto increaseover time

at thebeginningof thesequence,beforebecomingconstantwhen °�ñ ò (for instancethefinal number

of deformationmodesin Fig. 3 is five).

Figure 3 to beplacedhere

FromEqs.(24) and(25), it is easilyshown that #���d°"2äT_� and $��d°R2HT_� convergeto constantvalues

when °qñ ò . In practicethe infinite time correspondsto a sequenceof more thanmany hundred

frameswhereall representative deformationsof the objectclasshave occurredandthereby )��d°�� and

its associatedeigenvaluesarecompletelydefined.Fig. 4 shows for instancetheevolutionof theeigen-

values,associatedto thefour first deformationmodes,over a long imagesequencecomposedof sixty

frameswhen ïVó�ð of thetotal variability is preserved.

Figure 4 to beplacedhere

Besides,wetakeadvantageof thetemporalcoherenceof theobjectmovementsto predictthevalueô5��±°"2äT_� of the deformationmodesat time °C2?T from the estimateat time ° and from the updated

representation.5��±°�� is theprojectionof theshapeè��d°�� ontotheeigenmodesbasis)��±°�� :ô5��±°"2äT_�o
 ) � �±°�2HT&���dè��d°�� m #�R�d°"2äT_���=! (26)

i.e. ô5��±°�2HT&��
©) � �d°a2HT_����#���±°��§2\)��±°��f5��±°���2�*ép � � -��±°��=��.t�d°�����W��±°�� m #���d°a2HT_����! (27)
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When °�ñ ò , we observe that | ) � �±°�2�T_� m ) � �±°�� |Cõ Ì and | #�R�d°�2�T_� m #���±°�� |Cõ Ì , so
ô5��±°�2�T_� no

longerdependson thetemplate#���±°�� :ô5��±°�2HT_�o
 5��±°��§2\)0���±°���* p � �<-��d°�����.��±°�����WÄ�±°���! (28)ô5��±°R2©T_� is usedasa goodinitial estimatefor thedeformationmodes5��d°�2OT&� in thenext frame. By

using the temporalcoherenceof the movementof the deformablestructure,fast local optimization

techniquescanbeusedto obtainreliableMAP estimates.Theexperimentalresultsshow in this case

that the optimalsolutionprovidedby globaloptimizationtechniques(stochasticalgorithm)is indeed

closeto theinitial estimategivenby
ô5��±°�26T_� in Eq.(27). For theparametersfrom thesimilarity group,

we adoptthepredictionsat time °"2äTö*3�<-��d°"2äT_���=.t�±°�2HT&����
 *3�<-��d°�����.��±°����ô: �d°"2äT_��
 : �d°��
This methodis ableto provide an accurateandvery compactrepresentationof deformations.In

Fig. 3, onecanseethata very low numberof deformationmodesis requiredto integrate ïVó�ð of the

total variability on a typical testsequence.However, this representationcanbelesscompactthanthe

methodbasedon the alignmentof extractedshapesaccordingto a GeneralizedProscrutesAnalysis

[12, 3]. This remarkwill becompletedin Section3.5.

3.4 Detectionof abrupt changes

Whenthetrackedobjectundergoesslightdeformations,weobservethat | W��±°�� | remainsnearlyconstant

and is confirmedto be a pertinentmeasureto detectabrupt temporalchanges.We wish to detect

significantchangesin themeanof | WÄ�±°�� | sinceweobservethat | W��±°�� | suddenlytendsto increaseif the

shapevariationbetweentwo successive framesis noticeable.In thatcase,we proposeto re-estimate

the local deformationprocessW��±°�� usinga stochasticalgorithm(simulatedannealing) to avoid local

maximaof theMAP criterion. In return, W��±°�� is estimatedby meansof anICM algorithm[4] between

two successive jumpsinstants.

We resortto a Cumulative sumtest,Hinkley’s test[21], to detectsignificantjumpsof thevariable

| W��±°�� | amongall meaninglesssmall variations.This testwasoriginally designedto theanalysisof a

gaussianwhite noisesequencein signalprocessing.In our case,it examinesthesequenceof observed

quantities| W��±°�� | andsoprovide thesignificantjump instant. In practice,thecomputationalloadof a

suchtestis low andrequiresnopreciseadjustmentof involvedthresholds.Since,weareinterestedonly

in the increaseof | W��±°�� | , only onetestis performedto look for upwardsjumps. We computeat each
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instantthequantities

��� 
 �u i vt÷0ø | W��±°�� | m D§÷ múù B `Å�GØû � -§üOÌ>� (29)

o� 
 �§µ¸·÷�ý�þÅý�� ��� (30)

in which D§÷ is theon-lineestimatedmeanof | W��d°�� | and ù B `Å� theexpectedminimalchangemagnitude.

We acceptthehypothesisthata changehasoccurredif

� �Úm  � Ê9ÿ (31)

where ÿ is the thresholdof the test. The estimateof jump instantis the last minimum time before

detection.In practice,this testis setoff from thesecondframe.

3.5 Discussion

Theadvantageof thedescribedmethodis thatperformanceto identify statisticaldeformationmodes

thanksto bayesianestimatorsin comparisonwith anincreaseof thecomputationalload. Notethatthe

algorithmcomplexity essentiallydependson the numberof key pointsdescribingthe shapeoutline.

Someadditionalcommentsaboutour trainingalgorithmareintroducedin this section:� It is clearthanthetrainingcannotreliably beperformedin presenceof occlusionsof theobject

in the imagesequence.Themissingdatawould besourcesof noisethatwill be incorporateas

relevantsignalsin the training set[6]. Thenumberof training examplesmustbe very large in

orderto reducethissensitivity [3].� Our methodis insensitive to the initial locationof themodelin the first imageandis naturally

robust to noise. In practice,we observe that the learning/trackingprocedureis robust to partial

occlusionsif they occuroncemostof deformationmodeshave alreadycorrectlybeenidentified.� In [12, 10] and[3], a normalizationstepof trainingexamplesis necessarybeforethedetermina-

tion of statisticalmodes:the parametersfrom thegroupof similarity (rotation,translationand

scale)enableto matchall examplesby minimizingaweightedmeansquareerrorbetweensetsof

featurepoints. In our approach,we have adoptedbayesianestimatorsto performthis matching.

In figure5a, we seethat the removing of the meansquareerror betweentwo syntheticshapes

inducesa mismatchingof featurepoints.Therefore,#� and ) arenot correctlydeterminedgiven

thegroundtruth(Fig. 5b). In realworld examples,thetemporalcoherenceof themotionenables

to remove theambiguityemphasizedin figure5. In addition,our techniquegetsroundthediffi-

culty of mismatching:thedeformationsareanalyzedin a commonreferentialandthematching
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is implicit sinceall shapesareparametricdeformedversionsof theinitial template.However, the

KL expansionyields to eigenvaluesupperto thoseobtainedby minimizationof a meansquare

error[10], increasingthecomplexity of theshaperepresentation.

Figure 5 to beplacedhere

� No manualinterventionis requiredwhichishelpful to reducethetedioustaskof manualselection

of featurepoints. The considerableamountsof expert interventionshouldbe comparedto the

computationalloadnecessaryto automaticallycollecttrainingshapesfrom animagesequenceas

describedin this paper.� Finally, theapproachwe proposeis unfortunatelylimited sinceaninitial templatethatapproxi-

matesthetargetobjectoutlinemustbeprovidedby theexpert. In addition,thenumberof feature

pointsshouldbe large enoughto handlecomplex shapeswith many degreesof freedoms(see

Section4).

4 Experimental results

In our experiments,we have consideredthe segmentationof deformablestructures[18, 5, 10, 6, 22]

correspondingto moving handsagainststaticbackgrounds(Figs. 6–8). This casestudyhasalready

beenconsideredin the literature[18, 5, 10, 6, 22, 1, 8] andis usedhereto demonstratethe validity

of our training/trackingapproach.In contrastto [1], the handwasconsideredhereasa 2D structure

undergoing 2D articulatedmotions. Henceforth,visual interpretationof handgesturescan help in

achieving theeaseandnaturalnessdesiredfor man-machineinterfaces[8, 36,1].

Theimagesequencespresentedin Figs. 6-8 arecomposedof about100 GVæ�çqá]GVæ�ç framesandthe

observationscorrespondto thresholdedtemporalgradientsmaps(seeSection2.3). Theinitial template

of thehandis a 30-pointmodelspecifiedby theexpert. We recall that the initial configurationof the

templateis definedat randomon the first framefor the two experimentalsequences.In our experi-

ments,we have adopteda fastsuboptimalexponentialdecreasingtemperatureschedulethat controls

theconvergenceof thesimulatedannealingalgorithm.This temperaturescheduleyieldedsatisfactory

final segmentationsin practice.

Hand againstan uniform background Figures6aand6b presentrespectively anintermediatestep

andthefinal resultsof theMAP segmentationfor thefirst framecorrespondingto thefirst experimental

sequence.Figure 6a shows the estimationof the global transformationsfrom the similarity group.
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Globaldeformationmodesarenot yet availableon this earlystageof the trainingprocess.Figure6b

depictsthe final segmentationincluding the local deformationprocesswhich exclusively contributes

to thesolutionin this case.A time °½
3G , a first trainingstepis performedin orderto derive thefirst

eigenmodes)��<G�� . This informationwill beexploitedat time °8
,� . Theevolution of thenumberof

eigenmodesandeigenvaluescorrespondingto this sequenceis respectively showed in Figs.3and4.

Figures7aand7d show thesimilar segmentationresultsfor thethird framein which thedeformation

modeshave beenupdatedfor the first time with the estimationobtainedfrom the secondframe. As

can be seen,the local deformationprocess(Fig. 7d) is nearlyunutilizedon this frame becausethe

configurationof theshapeis closeto thepreviousone.Hencethedeformationmodescapturedon the

secondframeprovide anexcellenttraining for the third frame. Complementaryresultsat time °8
��
and °�
@T�M arepresentedrespectively in Figs.7b-c)andF7e-f).Weobserve thatthecontributionof the

localdeformationprocessis low in presenceof deformationsalreadystoredin thetrainingset.

Figure 6 to beplacedhere

Figure 7 to beplacedhere

Hand againsta texturedbackground Figure8 presentsthesameintermediateandfinal resultsfor

a secondtestsequenceshowing handmoving againsta texturedbackground.In this case,we have

considereda cubicB-splineshapewith 30controlpointsfor thedeformablemodel.Figures8a-cshow

the resultsof theestimationof hyperparameters���±°�� at time °³
�T�Ì�� , °8
JT�ÌVæ and °0
�T�ÌVï . Figure

8d-f respectively correspondto theestimationof W��d°�� at thesamemoment.

Figure 8 to beplacedhere

Here,themodelhasbeenbuilt from a trainingsetof 50 configurationsestimatedat eachframeof

thesequence.Figure9 shows the3 first deformationmodescapturedby thetrainedmodel. Thetem-

platedeformationsareobtainedby varyingthemodelamplitudesK1� ( -â
3T���Gt�=� ) within two standard

deviations � �¯� where �¯� is theeigenvalueassociatedto the - º¿å variationmode.Figure10 shows the
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variationof thethreefirst eigenmodescomputedfrom 11shapesselectedmanually.

Figure 9 to beplacedhere

Figure 10 to be placedhere

In our experiments,thenumberof abruptchangesdetectedby theCumulative sumtestessentially

dependson the complexity of thedeformablemotion. Althoughonly a few abruptchangeswereob-

served in practiceon the two imagesequences,the numberof significantchangesmay be increased

whenthevariationbetweentwo successive shapesis noticeable.In addition,thetwo testedsequences

weretooshortto experimentallychecktheconvergenceof modes.In thefuture,moreeffortsshouldbe

doneto improveandcompletethesepreliminaryresults.

5 Conclusion

In this paper, we have presenteda generalframework for the modelingandunsupervisedtraining of

deformationmodesof nonrigidobjects.Thetechniquerelieson thedefinitionof a prototypeshapeon

which two deformationprocessesareapplied.Thedeformationsaredescribedusingstatisticalmodels

andtheoptimalbayesianestimateof thesedeformationsis computedusingstochasticanddeterministic

optimizationtechniques.

Theproposedmodelingandalgorithmicframework is comprehensiveandsuitedto therepresenta-

tion of a largeclassof deformableobjects.It maybeadaptedto segmentationproblembasedon other

imageattributes(luminance,color, texture, depth,etc.): the useof this techniquefor the learningof

thenonrigidmotionof a beatingheat[27], is planned.Theuseof the learningprocedurealsoyields

promisingfutureprospectsasfar asthecharacterizationandtheinterpretationof thedynamicbehavior

of complex objectsis concerned.
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Figure1: Descriptionof deformations.



Figure2: Observationmaps:a)original image;b) thresholdedtemporalgradients.
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Figure3: Numberof deformationmodesover time in the unsupervisedtraining procedure(moving
handagainstanuniformbackground,seeFig. 6-7).
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Figure4: Evolution over time of eigenvaluesassociatedto the four first deformationmodes(moving
handagainstanuniformbackground,seeFig. 6-7).



a) b)

Figure5: Matchingof twosyntheticshapes:a)matchingby removingof themeansquareerrorbetween
thetwo setsof points(uniquerotation);b) matchingof thetwo shapescorespondingto thegroundtruth.



a b

Figure6: Model-basedsegmentationof a moving handagainstanuniform backgroundat time °�
3T ;
a)Estimationof *3�<-���T_���=.t��T&��� and :���T&� ; b) Estimationof W���T&� .
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(Fig. 7a), ����� (Fig. 7b)and ��� ��! (Fig. 7c).

d e f

Estimationof "$#%�& at ����' (Fig. 7d), �$��� (Fig. 7e)and ��� ��! (Fig. 7f).

Figure7: Model-basedsegmentationof amoving handagainstanuniformbackground.
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d e f

Estimationof "4#*�& at ��� �1-5' (Fig. 8d), ��� �1-/2 (Fig. 8e)and �$�0�1-/3 (Fig. 8f).

Figure8: Model-basedsegmentationof a moving handagainsta texturedbackground.
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Figure9: Deformationsof a handcapturedautomatically(seetext).
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Figure10: Deformationsof a handcapturedmanually(seetext).


