3-D headposeestimation from video by
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Abstract

Currentmethoddor automaticfacial expressiorrecognitionassumem-
agesare collectedin controlledervironmentsin which the subjectsde-
liberatelyfacethecameraSincepeopleoftennodor turntheirheadsau-
tomaticrecognitionof spontaneoufacial behaior requiresmethodgor
handlingout-of-image-planéneadrotations. We approachedhis prob-
lem by developinga front-endsystemthatjointly estimatesamerapa-
rametersheadgeometryand 3-D headposeacrossentire sequencesf
videoimages.Headgeometryandimageparametersvereassumedon-
stantacrossmagesand 3-D headposeis allowed to vary. The system
wasdevelopedusinga non-linearstochastidiltering approach¥irstaa
smallsetof imageswasusedto estimatecamergparameterand3D face
geometry Markov chainMonte-Carlomethodsverethenusedto recover
themost-likely sequencef 3D posegjivenasequencef videoimages.
Oncethe 3D posewasknown, we warpedeachimageinto frontal views
with a canonicalfacegeometry We comparethe particlefilter approach
to deterministicapproachesik e the orthogonaliteration algorithm[7].
We evaluatethe performancesf our systemasa front-endfor ansponta-
neousexpressiorrecognitiontask.

1 Intr oduction

Mostfacialexpressionrecognitiorwork to datehasbeenperformedusingimagescollected
in controlledenvironmentsn whichthesubjectsleliberatelyfacethecameraSincepeople
oftennodor turntheirheadsxtensionf thiswork to spontaneouacialbehavior requires
amethodfor handlingout-of-planeheadrotations.Many approachew identityrecognition
including eigentices,ICA, and Gaborwaveletanalysisalsorequirerotationto alignment
of eitherthefacesn the databaser the acquireddata. We presenpilot work on a system
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for estimatingposein animagesequenceThe poseinformationis usedto warptheimage
ontoa 3-D headmodelandthenrotatethe faceimageto a frontal pose.

We approact8-D poseestimatiorasa probabilisticinferenceproblem.Givenasequencef
imagemeasuremen® = (Oq, - -- , 0;), afixedfacegeometryandcamergarametershe
goalis to find themostprobablesequencef poseparametersi.e., positionandrotationof
theface).We represenposeparameters,e. rotationandtranslationpy thesequencé =
(S1,---,S). Formally, the estimationof S from O is a probabilisticinferenceproblem
known as“stochastidfiltering”. Herewe explore a solutionto this problemusing Markov
ChainMonte-Carlomethods also known ascondensatioralgorithmsor particlefiltering
methodsJ6, 5, 2].

The main advantageof probabilisticinferencemethodsis that they provide a principled

approachto combinemultiple sourcesof information, andto handleuncertaintydue to

noise, clutter and occlusion. Markov Chain Monte-Carlomethodsprovide approximate
solutionsto probabilisticinferenceproblemswhich areanalyticallyintractable.

The approachproposedhereallows to easily incorporateinformation aboutspatialcon-

straintsbetweerfeaturesanddynamicconstraintsaboutthe way facesmove in 3D space.
Thecurrentversionof theapproacheliesonknowledgeof the positionof somefacialland-

marksin theimageplane.Howeverthe extensionof theapproacho non-labeledmagess

straight-forvard.

Wetestedhistrackingmethodonvideosequencesf subjectgproducingspontaneousead
motion during discourse and comparedperformancewith the orthogonaliteration algo-
rithm, known to be one of the mostrobust algorithmswhen featurepositionsare known
[7]. We found thatthe particlefiltering approacthis relatively fastandmorerobustto the
presencef noisein the featurepositionsthanthe deterministicapproach We thenevalu-
atedthe performanceof this systemasa front-endfor automaticanalysisof spontaneous
facial behaior using supportvector machines.The systemsuccessfullyclassifiedfacial
behaviors acrosssignificantchangesn pose.

2 Particle filters

Ourapproactworksasfollows. Firstthesystems initialized with asetof n particles.Each
particleis parameterizedsing7 numbergepresenting hypothesisaboutthe positionand
orientationof afixed3D facemodel: 3 numberdescribingranslatioralongthe X, Y, and
Z axesand4 numbersdescribinga quaternionwhich givesthe angleof rotationandthe
3D vectoraroundwhich the rotationis performed. Sinceeachparticle hasan associated
3D facemodel,we canthencomputethe projectionof f facialfeaturepointsin thatmodel
onto theimageplane. The likelihood of the particle given animageis assumedo be an
exponentialfunction of the sumof squaredifferencesdbetweerthe actualpositionof the
f featureson the image plane and the positionshypothesizedy the particle. At each
time stepeachparticle “reproduces’with probability proportionalto the degreeof fit to
the image. After reproductionthe particle changegrobabilisticallyin accordancdo a
face dynamicsmodel, and the likelihood of eachparticle given the imageis computed
again. It canbe shavn thatasn — oo the proportionof particlesin a particularstatesat
aparticulartime corvergesin distribution to the posteriomprobability of the stategiventhe
imagesequencepto thattime
ny(z) _

lim —P(St:.CL'|01, ,Ot) (1)

n—oo n

wheren,(z) representshe numberof particlesin statex attime ¢. The estimateof the
poseattimet is obtainedusinga weightedaverageof the positionshypothesizedy then
particles.



For this investigationve usedf = 14 facialfeaturepoints:lateralandnasalcornersof the
eyes,andthe centersof theirises,the eyebrows, nostrils,the nosetip, andthe baseof the
upperteeth.In ourcurrentprototypegroundtruthfacialfeaturepositionswerehand-labeled
but thesystemcanbe generalizedo usefeaturepositionsprovidedby anautomatideature
tracker (e.g.[4]) in astraightforvardmanner In factwe show thatoneof theadvantage f
the particlefiltering approachs thatits robustnesgo uncertaintyin the featurepositions.

3 The Orthogonal Iteration Algorithm

In the Ol algorithm[7] the poseestimationproblemis formulatedasthat of minimizing
anerrormetricbasedon collinearity in objectspace.The methodis iterative anddirectly
computeorthogonakotationmatriceswhich areglobally convergent. Theerrormetricis

e; = (I-F;))(Rp; +t) (2)
whereF; is givenby
T
V;V;
F = 3
V;'TVZ' ( )

andv; is the projectionof the 3D pointsontothe normalizedmageplane.in Eq.2 p;, R
andt denote3D featurepositions,the rotationmatrix andtranslationvector, respectiely.
A minimizationof

ER,t) =) |lel/” 4)
i=1

is thenperformed.The algorithmis known to be very robustto the effectsof noise[7].

4 Estimation of FaceGeometry

The facemodelwasa wire-meshmodelwith canonicafaceshapg10]. Becausehereis

variability in headshapeamongpeople,the modelwas modifiedto fit the specifichead-
shapeof eachsubject. This wasaccomplishedby aniterative procedure.Tenimageswere
selectedrom eachsubjectto estimatethe the facegeometry An initial estimateof sub-
ject posewasobtainedusingthe facemodelwith canonicalgeometry The cameras field

of view parameterwhich affectsthe perspectie geometrywasfirst estimatedusingstan-
dardvaluesfrom currentimagingdevices. Giventhe camerapropertiesandthe pose,we

usedperspectie geometryequationdo recover thetrue positionin 3D of the labeledfea-
tures. This givesus a setof pointsin 3D which we know are part of the face. Radial
basisfunctions(RBF) are then usedto interpolatethe positionsof all the othervertices
in the facemodelwhosepositionsare unknawn. In particulay givena setof known dis-

placementsi; = p; — p? away from the genericmodelfeaturepositionsp?, we compute
thedisplacementsor the unconstrainedertices;j. We thenapply a smoothvectorvalued
function f(p) thatwe fit to the known verticesu; = f(p;) from which we cancompute
u; = f(p;). Interpolationthenconsistsof applying

flp) = ZCM(IIp—piII) (5)

to all verticesp in themodel,whereg¢ is anRBFs. The coeficientsc; arefoundby solving
a setof linear equationsthat includesthe interpolationconstraintsu; = f(p;) andthe
constraintsy", ¢; = 0 and)_, ¢;p7 = 0.

After the geometryof the modelis modified,we thenre-estimatgoseandcamergparam-
etersusingthe new facegeometry Typically 2 or 3 iterationsof this processsufficed to
corverge. After corvergencewe fix the facegeometrymodeland camergparametersaind
proceededo estimatethe poseof the entiresetof imagesfrom a givenperson.
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Figure1: Ontheleft, the performanceof the particlefilter is shovn asa function of the
numberof particlesused. On the right the performanceof the particlefilter andthe Ol
algorithmasa function of noiseaddedo thetrue positionsof features.

5 Results

Performanceof the particlefilter was evaluatedas a function of the numberof particles
used.Error wascalculatedasthe meandistancebetweerthe projectedpositionsof the 14
facialfeatureshackinto theimageplaneandgroundtruth positionsobtainedwith manual
featurelabels. Figure 1 (Left) shavs meanerrorin facial featurepositionsasa function
of the numberof particlesused. Error decreasegxponentially and 100 particleswere
sufficientto achieve 1-pixel accurag (similar accurag to thatachievedby humancoders).

A patrticlefilter with 100 particleswastestedfor robustnesgo noise,andcomparedo the
Ol algorithm.Gaussiamoisewasaddedo the positionsof the 14 facialfeatures Figure1

(Right) giveserrorratesfor bothposeestimatioralgorithmsasa functionof thevarianceof

the Gaussiamoise. While the Ol algorithmperformedbetterwhenthe uncertaintyabout
featurepositionswvasvery small(lessthan2 pixelsperfeature).Theparticlefilter algorithm
performedsignificantlybetterthanOI for morerealisticfeatureuncertaintylevels.

6 Application: Recognitionof facial movements

Figure 2 shovs a sampleimage,the poseestimatedoy the particle filter, and a resulting
imagethatwaswarpedto afrontalview andto canonicafacegeometry With 100particles,
the systemworksin realtime (30 framespersecondpnal.1 GHz AMD K-7 CPULinux
systenmrunningOpenGLona GeForce2NVIDIA graphicscard.

Figure?2: Originalimage,modelin estimatedhoseandwarpedimage.

3-D poseestimationand warpingwas appliedasa front-endto a systemfor recognizing



spontaneoutacial movementd1]. The goal of this systemis to recognizeeachof the 46

facialmovementsdefinedin the Facial Action Coding System(FACS) [3] during sponta-
neousfacial behaior. The datasebf our preliminarytestconsistedof 300 Gigabytesof

digitizedvideofrom 10 malecollegestudent®ngagedn spontaneoudiscourseThevideo
sequencesontainedutof planeheadrotationupto 75 degrees.Therewere2 Asian,andl

African American,and7 Caucasiasubjects 3 subjectsvoreglassesThefacialbehaiors

in the video sequencesvere scoredby humanfacial expressionexpertsusing the Facial

Action CodingSystem.

As apreliminarytestof theability to classifyfacialmovementsn therotatedfacedata, two

facialbehaiors wereclassifiedn thevideosequencesBlink andbrow raise.Thesefacial
actionswerechoserfor their well known relevanceto applicationssuchasmonitoring of

alertnesgndanxiety Headposewasestimatedn thevideosequencessinga particlefilter

with 100 particles. Faceimageswerethenwarpedonto a facemodelwith canonicalfface
geometryrotatedto frontal, andthenprojectedbackinto theimageplane,asillustratedin

Figure2. This alignmentwasusedto defineandcrop two subrajionsin the faceimages,
onecenteredn the eyes(20x40),andthe othercenteredn the brows (20x80). Soft his-

togramequalizationwas performedon the imagegray-levels by applyinga logistic filter

with parameterghoseno matchthe meanandvarianceof the gray-levels of eachimage
sequenc¢9]. Differenceimageswereobtainedby subtractinga neutralexpressionimage
from imagescontainingthe facialbehaiors.

Separatesupportvector machinegSVM's) were trainedfor blink versusnon-blink, and
brow raiseversusno brow raise. The peakframesof eachaction,ascodedby the human
FACScoderswereusedto train andtestthe supportvectormachinesA sampleof images
from the blink versusno-blink taskis presentedn Figure3. Thetaskis quite challenging
dueto variancean race thepresencef glassesandnoisein thehumanFACScoding.Note
in Figure3 thatthe eyesarenot alwaysfully closedin the peakframes.Generalizatiortio

novel subjectsvastestedusingleave-one-outross-walidation.LinearSVM'stakingdiffer-

enceimagesperformedn thelow 80%’s. Non-linearSVM'’s improvedperformancey up

to 10%. Specifically the Gaussiarradial basisfunction SVM basedon the Euclideandis-

tancesetweerdifferenceimagesperformedasfollows: 90.5%for blinks for all subjects,
94.2%for blinks without glassesand84.5%on brow raises.

Performancalependedn the the goodnes®f fit to the headmodelof the subjects facial
geometry We arepresentlymakingthe modelmorerobustto variationsin faceshapeby
addingmorefeaturepointsandexperimentingwith differentfeaturepoints. Reduceder

formanceon subjectswith glassess beingaddressetby includinginformationon the po-
sition of theframesin thefacemodel. Supportvectormachinesarepresentlybeingtrained
taking Gaborwaveletrepresentationasinput. Our previouswork demonstratethatGabor
waveletrepresentationarehighly effective asinput for facialexpressiorclassificatior1].

7 Conclusions

We presentedan approachfor recognitionof spontaneousacial expressions.The main
focusof the paperwasthe explorationof a potentialfront endto the systemto handlein-
planeandout-of-planeheadmovements.We proposeda probabilisticinferenceapproach
in whichheadgeometrycamergropertiesand3D poseis simultaneouslestimatedDue
to the analyticalintractability of the resultingstochastidfiltering equationsjnferenceis
approximatediia Markov ChainMonte-Carlomethodqparticlefiltering). Theapproachs
very promising. First we found thatparticlefilters significantlyoutperformedsomeof the
mostrobust deterministicposeestimationalgorithms,like the Ol algorithm[7]. Second
we foundthat 100 particleswere sufficient to achieve accuraciesimilar to that of human
coders. With this numberof particles,the systemcanrunin realtime in a high end PC.
Mostimportantly generalizatiorof the particlefiltering approacho useautomaticfeature



Figure3: Exampleof blink (lowerrow) andnon-blinks(upperrow) imagesafterwarping.
Thefirst threesubjectqleft 3 columns)hadnoglassesThelast2 columnsshow blinksand

non-blinksfor 2 subjectswith glasses.The prior rotationof theimagesallowed the same
pixel numberdo beusedto locatetheeyesin every example.

detectorsnsteadof hand-labeledeaturesis straightforward. The fact that the particle
filtering approachs very robustto uncertaintyin featurepositionsis very encouraging.

We presentedvork in progressandsignificantimprovement®of thesystemareoccurringas
we write this report. The particlefilters presentedisevery simple (zerodrift) facedynam-
ics. We arein the processf trainingdiffusion networks[8] to developmorerealisticface
dynamicanodels.Suchmodelsmaysignificantlyreducethe numberof particlesneededo
achieve adesiredaccurag level. We arealsodevelopingautomaticfeaturedetectorg4] to
be integratedwith the particlefiltering approachor fully automatic3D tracking. We are
alsodevelopingmethodsto estimatefacegeometrymore accuratelyandto take into ac-
countspecialconditions ik e the presencef glasseslin spiteof thecurrentlimitations,the
approactpresentedhereis a promisingstartingpoint with respecto which future systems
may be evaluated.
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