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Abstract

Currentmethodsfor automaticfacialexpressionrecognitionassumeim-
agesarecollectedin controlledenvironmentsin which the subjectsde-
liberatelyfacethecamera.Sincepeopleoftennodor turntheirheads,au-
tomaticrecognitionof spontaneousfacialbehavior requiresmethodsfor
handlingout-of-image-planeheadrotations. We approachedthis prob-
lem by developinga front-endsystemthat jointly estimatescamerapa-
rameters,headgeometryand3-D headposeacrossentiresequencesof
videoimages.Headgeometryandimageparameterswereassumedcon-
stantacrossimagesand3-D headposeis allowed to vary. The system
wasdevelopedusinga non-linearstochasticfiltering approach:First a a
smallsetof imageswasusedto estimatecameraparametersand3D face
geometry. Markov chainMonte-Carlomethodswerethenusedto recover
themost-likely sequenceof 3D posesgivena sequenceof videoimages.
Oncethe3D posewasknown, we warpedeachimageinto frontal views
with a canonicalfacegeometry. We comparetheparticlefilter approach
to deterministicapproacheslike the orthogonaliterationalgorithm[7].
We evaluatetheperformanceof our systemasa front-endfor ansponta-
neousexpressionrecognitiontask.

1 Intr oduction

Mostfacialexpressionrecognitionwork to datehasbeenperformedusingimagescollected
in controlledenvironmentsin whichthesubjectsdeliberatelyfacethecamera.Sincepeople
oftennodor turntheirheadsextensionsof thiswork to spontaneousfacialbehavior requires
amethodfor handlingout-of-planeheadrotations.Many approachesto identityrecognition
includingeigenfaces,ICA, andGaborwaveletanalysisalsorequirerotationto alignment
of eitherthefacesin thedatabaseor theacquireddata.We presentpilot work on a system�
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for estimatingposein animagesequence.Theposeinformationis usedto warptheimage
ontoa 3-D headmodelandthenrotatethefaceimageto a frontalpose.

Weapproach3-D poseestimationasaprobabilisticinferenceproblem.Givenasequenceof
imagemeasurements
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, afixedfacegeometryandcameraparameters,the

goalis to find themostprobablesequenceof poseparameters(i.e.,positionandrotationof
theface).We representposeparameters,i.e. rotationandtranslation,by thesequence� �� � ��
��
����
 � ��� . Formally, the estimationof � from

�
is a probabilisticinferenceproblem

known as“stochasticfiltering”. Herewe explorea solutionto this problemusingMarkov
ChainMonte-Carlomethods,alsoknown ascondensationalgorithmsor particlefiltering
methods,[6, 5, 2].

The main advantageof probabilisticinferencemethodsis that they provide a principled
approachto combinemultiple sourcesof information, and to handleuncertaintydue to
noise,clutter andocclusion. Markov ChainMonte-Carlomethodsprovide approximate
solutionsto probabilisticinferenceproblemswhich areanalyticallyintractable.

The approachproposedhereallows to easily incorporateinformationaboutspatialcon-
straintsbetweenfeatures,anddynamicconstraintsabouttheway facesmove in 3D space.
Thecurrentversionof theapproachreliesonknowledgeof thepositionof somefacialland-
marksin theimageplane.However theextensionof theapproachto non-labeledimagesis
straight-forward.

Wetestedthistrackingmethodonvideosequencesof subjectsproducingspontaneoushead
motion during discourse,andcomparedperformancewith the orthogonaliterationalgo-
rithm, known to be oneof the mostrobust algorithmswhenfeaturepositionsareknown
[7]. We found that theparticlefiltering approachis relatively fastandmorerobust to the
presenceof noisein thefeaturepositionsthanthedeterministicapproach.We thenevalu-
atedthe performanceof this systemasa front-endfor automaticanalysisof spontaneous
facial behavior usingsupportvectormachines.The systemsuccessfullyclassifiedfacial
behaviorsacrosssignificantchangesin pose.

2 Particle filters

Ourapproachworksasfollows.First thesystemis initializedwith asetof � particles.Each
particleis parameterizedusing7 numbersrepresentingahypothesisaboutthepositionand
orientationof afixed3D facemodel:3 numbersdescribingtranslationalongthe � , � , and�

axesand4 numbersdescribinga quaternion,which givestheangleof rotationandthe
3D vectoraroundwhich the rotationis performed.Sinceeachparticlehasan associated
3D facemodel,wecanthencomputetheprojectionof � facialfeaturepointsin thatmodel
onto the imageplane. The likelihoodof the particlegiven an imageis assumedto be an
exponentialfunctionof thesumof squareddifferencesbetweentheactualpositionof the� featureson the imageplaneand the positionshypothesizedby the particle. At each
time stepeachparticle “reproduces”with probability proportionalto the degreeof fit to
the image. After reproductionthe particle changesprobabilistically in accordanceto a
facedynamicsmodel, and the likelihood of eachparticle given the imageis computed
again. It canbeshown thatas ���! theproportionof particlesin a particularstatesat
a particulartime convergesin distribution to theposteriorprobabilityof thestategiventhe
imagesequenceup to thattime
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where � �6�7,8� representsthe numberof particlesin state
,

at time 9 . The estimateof the
poseat time 9 is obtainedusinga weightedaverageof thepositionshypothesizedby the �
particles.



For this investigationwe used� �;:
<
facialfeaturepoints: lateralandnasalcornersof the

eyes,andthecentersof the irises,theeyebrows,nostrils,thenosetip, andthebaseof the
upperteeth.In ourcurrentprototypegroundtruthfacialfeaturepositionswerehand-labeled
but thesystemcanbegeneralizedto usefeaturepositionsprovidedby anautomaticfeature
tracker(e.g.[4]) in astraightforwardmanner. In factweshow thatoneof theadvantagesof
theparticlefiltering approachis thatits robustnessto uncertaintyin thefeaturepositions.

3 The Orthogonal Iteration Algorithm

In the OI algorithm[7] the poseestimationproblemis formulatedasthat of minimizing
anerrormetricbasedon collinearity in objectspace.Themethodis iterative anddirectly
computesorthogonalrotationmatriceswhichareglobally convergent.Theerrormetricis=?> �@�-ACBED > ���-FHG >JILK � (2)

where M > is givenby

M > �ON > NQP>N P> N > (3)

and N > is theprojectionof the3D pointsontothenormalizedimageplane.In Eq.2
G > , F

and K denote3D featurepositions,therotationmatrix andtranslationvector, respectively.
A minimizationof R �-FS
 K �T� 'U

>&V � 3&3 =?> 3&3 W (4)

is thenperformed.Thealgorithmis known to bevery robustto theeffectsof noise[7].

4 Estimation of FaceGeometry

Thefacemodelwasa wire-meshmodelwith canonicalfaceshape[10]. Becausethereis
variability in headshapeamongpeople,the modelwasmodifiedto fit the specifichead-
shapeof eachsubject.This wasaccomplishedby aniterative procedure.Tenimageswere
selectedfrom eachsubjectto estimatethe the facegeometry. An initial estimateof sub-
ject posewasobtainedusingthe facemodelwith canonicalgeometry. Thecamera’s field
of view parameter, which affectstheperspective geometry, wasfirst estimatedusingstan-
dardvaluesfrom currentimagingdevices. Given thecamerapropertiesandthe pose,we
usedperspective geometryequationsto recover thetruepositionin 3D of the labeledfea-
tures. This givesus a setof points in 3D which we know are part of the face. Radial
basisfunctions(RBF) are thenusedto interpolatethe positionsof all the othervertices
in the facemodelwhosepositionsareunknown. In particular, givena setof known dis-
placementsX > �YG > BEG[Z> away from thegenericmodelfeaturepositions

G[Z> , we compute
thedisplacementsfor theunconstrainedvertices\ . We thenapplya smoothvector-valued
function � �-G4� thatwe fit to theknown vertices X > � � �-G > � from which we cancomputeX�] � � �7G ] � . Interpolationthenconsistsof applying

� �7G^�T� U
>`_ >ba �c3&3 GdBEG > 3$3 � (5)

to all verticese in themodel,wherea is anRBFs.Thecoefficients _ > arefoundby solving
a set of linear equationsthat includesthe interpolationconstraintsX > � � �7G > � and the
constraintsf > _ > �`g and f > _ > G P> �0g .
After thegeometryof themodelis modified,we thenre-estimateposeandcameraparam-
etersusingthe new facegeometry. Typically 2 or 3 iterationsof this processsufficed to
converge. After convergencewe fix the facegeometrymodelandcameraparametersand
proceededto estimatetheposeof theentiresetof imagesfrom agivenperson.
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CONDENSATION
OI−algorithm

Figure1: On the left, the performanceof the particlefilter is shown asa function of the
numberof particlesused. On the right the performanceof the particlefilter and the OI
algorithmasa functionof noiseaddedto thetruepositionsof features.

5 Results

Performanceof the particlefilter wasevaluatedasa function of the numberof particles
used.Error wascalculatedasthemeandistancebetweentheprojectedpositionsof the14
facial featuresbackinto theimageplaneandgroundtruth positionsobtainedwith manual
featurelabels. Figure1 (Left) shows meanerror in facial featurepositionsasa function
of the numberof particlesused. Error decreasesexponentially, and 100 particleswere
sufficient to achieve1-pixel accuracy (similaraccuracy to thatachievedby humancoders).

A particlefilter with 100particleswastestedfor robustnessto noise,andcomparedto the
OI algorithm.Gaussiannoisewasaddedto thepositionsof the14 facialfeatures.Figure1
(Right)giveserrorratesfor bothposeestimationalgorithmsasafunctionof thevarianceof
theGaussiannoise. While the OI algorithmperformedbetterwhentheuncertaintyabout
featurepositionswasverysmall(lessthan2 pixelsperfeature).Theparticlefilter algorithm
performedsignificantlybetterthanOI for morerealisticfeatureuncertaintylevels.

6 Application: Recognitionof facial movements

Figure2 shows a sampleimage,the poseestimatedby the particlefilter, anda resulting
imagethatwaswarpedto afrontalview andto canonicalfacegeometry. With 100particles,
thesystemworksin realtime (30 framespersecond)on a 1.1GHz AMD K-7 CPULinux
systemrunningOpenGLona GeForce2NVIDIA graphicscard.

Figure2: Original image,modelin estimatedposeandwarpedimage.

3-D poseestimationandwarpingwasappliedasa front-endto a systemfor recognizing


