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Abstract

We presenta new approachfor the recognitionof facial expressiongrom
video sequencen the presenceof occlusion. Although promisingresults
have beenreportedn theliteratureon automatiaecognitionof facialexpres-
sions,mosttechniqueshave beenassessedsing experimentsperformedin
controlledlaboratoryconditionswhich do not reflectreal-world conditions.
The goal of the work presentedherein,is to developrecognitiontechniques
thatwill overcomesomelimitations of currenttechniquessuchastheir sen-
sitivity to partial occlusionof the face. The proposedapproachis basedon
alocalisedrepresentationf facial featuresandon datafusion. The exper
imentsshawv thatthe proposedapproacthis robustto partial occlusionof the
face.

1 Intr oduction

The automaticrecognitionof facial expressionshasbeenstudiedwith muchinterestin
the past10 years[9, 22, 24]. An importantpotentialapplicationof automaticfacial ex-
pressiorrecognitionis humancomputerinteraction[19, 30]. It mayalsobeusedasatool
in humanbehavioral researct22]. This paperpresents new approachfor recognising
facial expressionsfrom imagesequencesn the presencef partial occlusion. The ap-
proachis basedon a localisedrepresentationf facial expressiorfeaturesandon fusion
of classifieroutputs. Datafusion or sensorfusion hasbeenusedsuccessfullyin mary
fields suchas patternrecognition[6, 7, 25] or distributedcomputing[4, 5]. The ability
to handleoccludedfacialfeaturess importantfor achieszing robustrecognition.Despite
its importancethe effect of occlusionon automaticfacial expressiorrecognitionhasnot
receved muchattentionfrom the researchcommunity As indicatedby Pantic[22], no
facial expressionrecognitiontechniquescan currently handlepartial occlusion. To the
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knowledgeof the authors,the effect of the latter on recognitionaccurag hasnot been
assessedither Causedor occlusionmaybefacial hair, glasseshandsor otherobjects.

By the natureof their structuresfacial modelsusinglocal facialinformationextrac-
tion have an advantageover modelsthat considerthe whole face. For instancewhena
partof the faceis occluded,performingoptical flow on the whole face[12] may cause
someproblemsin representinghe extracteddatafor later classification. Approachesis-
ing adeformablemodelfittedto thewholeface[16, 15 maybeadaptedo handlemissing
featuresif thestructureof themodelandtheclassifiebothhandlepartialdatain ageneric
way. Facemodelsbasedn featurepointsandalocal geometriaepresentatioof theface
[27, 28] canbe adaptedeasily for achiesing robustnesso partial occlusion. The latter
will causethe lossof somemodelparameterdut the parametersot affectedby occlu-
sionmaybestill usedfor classification.Theclassifieralsohasto beableto handlepartial
inputdataandmay needto beretrained.

Although sensitvity to occlusionis still an unresoled problem, mary techniques
for facial expressionrecognitionhave beenreported. Black and Yacoob[2] usea local
parameterizednodelof imagemotion from optical flow analysis. They utilize a planar
modelfor rigid facial motion and an affine-plus-curaturemodelfor nonrigid motion.
OtsukaandOhya[21] estimatehe motionof theright eye andthe mouthby opticalflow.
Then,they performa 2D wavelettransformto extractlow-frequeng featurevectors.Essa
and Pentland[12] first locatethe nose,eyesand mouth. Then, from two consecutie
normalisedrames.a 2D spatio-temporainotionenegy representationf facialmotionis
usedasadynamicfacemodel.KimuraandYachidg[15] fit whatthey call a‘potentialnet’
ontheface.Then,applyinga Gaussiarfilter to anedgeenhancedmage,they determine
a ‘potential field’. The netis thendeformedby the elasticforce of the potentialfield.
Informationencodedn the nodesof the netis usedfor classification.Wanget al. [28]
usel9facialfeaturepoints. Thefaceis representedsalabeledgraphmodelwherefacial
featurepoints are treatedas interconnectedodes. Graphsare comparedto templates
for recognitionusinga minimum-distanceclassificationtechnique.Cohnetal. [8] use
featurepointsthatareautomaticallytrackedusingahierarchicabpticalflow method[18].
Thefeaturevectors,usedfor the recognition arecreatedy calculatingthe displacement
of the facial points. The displacements obtainedby subtractingts normalisedposition
in thefirst framefrom its currentnormalisedposition. Following Cohn's approachl.ien
etal. [17] performthreemethods:denseoptical flow, featurepoint tracking and high
gradientedgeextraction. Then,thevectorsrom eachextractionstepsarevectorquantized
and usedfor classification. Tian et al. [27] recentlyproposeda feature-basednethod
using geometricfacial features. The extractedfacial regions (mouth, eyes, brows and
cheeks)arerepresenteavith geometricparametersThe furrows arealsodetectedusing
a Canry edgedetectorto measurerientationandquantify their intensity The geometric
parameterarethenfedinto a neuralnetwork for recognition.

Following the facial featureextractionis the classificationstep. Six basicexpression
classegangerdisgustfear, joy, sadnesssurprise)definedoy Ekman[10], areoftenused.
Expressioranalyserganclassifytheencountereéxpressiorusingthe FACSsysteni11].
The FACS systemdefines46 actionunits (AUs) for describingfacial expressions.AUs
areanatomicallyrelatedto contractionof specificmuscles AUs canbeclassifieceitheras
asingleor combinationof AUs [2, 23, 8, 17, 27]. Mostapproache$or the classification
of expressiondrom imagesequencearebasedon neuralnetworks [23, 27], rule-based
modelg2, 29], templatebased-method&8, 20, 12, 15| usingminimum-distancelassifi-
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cation,statisticaimodelsusingdiscriminantfunctionanalysig8], or probabilisticmodels
suchashiddenMarkov Models[17, 21].

In the context of robustrecognitionof occludedexpressionsysinga modularclassi-
fication andfusion approachmay have severaladvantagesver monolithic classification
[25]. In thedatafusionapproachfailure of oneor severalclassifiersdoesnot necessarily
degradetheclassificatiorprocessNew classificatiormodulescanalsobe appendeaas-
ily whenotherregionsof thefaceareto be examined.Monolithic classifiersaresensitie
to incompleteinput data,aswould occurin caseof partialocclusionof theface.

This papempresent@&indassesseasdatafusionapproachtaimingto achieve robustness
to partial occlusion. The paperis organisedasfollow: Section2 givesan overview of
thesystem.Section3 andSectiond describerespectiely the spatio-temporainodelused
to representhe expressionsandthe classificatioranddatafusion framework. Sections
performsexperimentson the effect of occlusionanddiscusseshe results. We conclude
in Section6 by summarisinghefindingsandsuggestinguture researcidirections.

2 Overview of the approach

Image sequence

& Feature point Motion.information
.P tracking data extractl_on gnd
% i normalisation
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Classification Classification Local
r of local feature e« | oflocal feature | cjassifiers
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Figure 1: Architectureof therecognitionsystem.

The framework for automaticrecognitionof facial expressionsshavn in Figure1,
consistsof a featurepoint tracker, a featureextractor, a group of local classifiersanda
fusionmodule.Thefeatureextractorprocessed2 facialfeaturepointswhich aretracked
over anentireimagesequencéy the robusttracker describedn [3] (Figure2). The 12
facialfeaturepointsaresetmanuallyon thefirst frameof theimagesequence.

As describedn [3], thetracker, basedon the Kanade-Lucasracker [18], is capable
of following andrecovering ary of the 12 facial pointslost due to lighting variations,
rigid or non-rigid motion, or (to a certainextent) changeof headorientation. Automatic
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recovery, which usesthe nostrilsasa referencejs performedbasedon someheuristics
exploiting the configurationandvisual propertiesof faces. It wasshown in [3] thatthe
enhancedracker outperformsthe Kanade-Lucagracker, in termsof recovering lost or
drifting points.

Whenthetrackingis over, independeniocal spatio-temporalectors arecreatedrom
geometricalrelationsbetweenthe featurepoints (Figure 3). Thesevectorscontainthe
motioninformationrelative to the startof eachsequenceDynamicinformationis usedin
orderto achieve shapendependenceShapendependences soughtsothatthe effect of
personidentity on expressiorrecognitionis minimised. In particular it hasbeenshovn
in spealer recognitionthatlip shapecornveysidentity information[6].

Classificatioris appliedto localfacialregions(mouthandeyebrows)insteadof global
facialinformation,andthelocal regionsareclassifiedndependentlyThisway, occlusion
of a local region will not affect the classificationof the otherregions. Decision-level
fusion[25] of classifieroutputsis used. For the purposeof this paper 4 classeof ex-
pressionsareusedout of the 6 definedin [10]; they arethefacialexpressiondor ‘anger’,
‘joy’, ‘sadnessand'‘surprise’.

Tracking | nolosy loss Next frame

T

Tracker
update

loss

\ 4
Automatic point
recovery

Figure 2: Automaticfeaturepointtrackingscheme.

3 Spatio-temporal representationof expressions

Facial point tracking is followed by a determinationof the start and endpointsof the
dynamicpart of the sequencédor eachlocal region. The neutralend-sgmentsarethen
discarded.Thereafterthe durationof the sequencés normalisedto approximately2.66
secondduy linear interpolation. At 30 framesper secondthis correspondso 80 video
frames. The normalisationis appliedindependentljto eachlocal region. As a result
of durationnormalisationtwo expressiongerformedin a differentamountof time will

becomesimilar on the normalisedemporalscale.Figure4 illustratesthe removal of the
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Figure 3: Facialmodelusedto producethe six local featurevectors.

neutralsggmentsat the beginningandendof asequence.

The mouthmodelis definedusingthe four featurepointsshovn in Figure2. From
thesefour points, we extract four paraboliccoeficients, which modelthe shapeof the
mouthin eachframe (Figure 3). The upperfacemodelalsoconsistsf four coeficients.
Two coeficientsmodeltheshapeof theeyebravsby measurindheirangleof deformation
(Figure 3). The othertwo coeficients measurehe distancefrom the eyebrows to the
nostrils (Figure 3). From the eight coeficients, a set of six local featurevectorsare
created:Vici,c4), Vicz,e3)s Vat, Vaz, Var, Va2. The componentof the featurevectorsare
createdby takingthe differencebetweerthe coeficientsfor eachframe,andthe average
of thefirst setof coeficientsrepresentinghe sggmentremovedfrom thebeginningof the
sequence.

Amplitude of Amplitude of

parabolic coefficient parabolic coefficient
0.03 — 0.05 —
0.02 - 0.0z -
0.01 0.01—

: Neutral Neutral :

o l l ]
(@) Frames (b) Frames

Figure 4: Remwal of the neutralsegmentsat the startandendof a motionsequence(a)
Neutralsgmentsdetected (b) Neutralsggmentsemoved.
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4 Facial expressionclassification

Datafusion hasbeenusedby mary researcherto improve the accurag of patternclas-
sification[6], whenseveralsourcef informationareindependendr complementaryin
our system,eachlocal expert classifieroutputsa recognitionscorefor eachknown ex-
pression. The scoresare then combinedto producea final classificationresult (Figure
5).

Feature Local
vectors classifiers

: Val—— »| >

Vaz—»

Combiner

Vdl—»

> —Class label

Vd2—»|

V (c1, c4) —*

V(c2,c3) .

Figure 5: Expressiortlassificatiorusingdecision-leel fusion.

4.1 Local classifiers

Eachlocal classifieris a rank-weightedk-nearest-neighboutlassifier It producesa

weightedcumulative scorefor eachknown classof expression.Theweightedclassscore
is proportionalto the rank of eachnearesneighbourbelongingto the class. This is an

adaptatiorto the distance-weighte@&NN classifier[1]. Thereforethe classof the first

nearesheighbourwill have the highestscore thenthe classof the secondalower score
andsoonuntil wereachk neighboursFor instancejf k£ = 4, theclassof thefirst nearest
neighbourreceivesa scoreof 4, the classof the secondneighbour3, until the fifth one

andtherestwhich receve a scoreof 0.

4.2 Combining scheme

The combinationis implementedasa sumschemeperformedat the decisionlevel. It is
usedherefor its simplicity. Whenall local classifiersare combined,all the classesof
expressionget a final scoreby summingthe class-specifiscorefrom eachlocal classi-
fier. The unknawn patternis assignedo the classwhich hasthe highestscore. Other
approacheso decisionfusionsuchaslinearcombination Bayesiarinference neuralnet-
works, fuzzy logic arethe subjectof our ongoinginvestigationg6, 25, 13].
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5 Experimental results
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Figure 6: Effectof partialocclusiononfacialexpressiorrecognition.Error barsshaw the
99% confidencentervals.

The aim of theseexperimentss to studythe robustnessof the proposedecognition
approachto the occlusionof faceregions. The experimentshave beencarriedout using
100 video sequencesyhere25 sequencesre available for eachexpressionclass. Par-
titioning into testandtraining setsis basedon the leave-one-outestmethodology The
confidencdimits areestimatedindertheassumptiorthatrecognitiorrateshave of abino-
mial distribution [26]. The 99% confidencdevelsproducejn theworstcase confidence
intervalsof +10.3%for thetestsamplesizeandvaluesof recognitionratesmeasuredThe
imagesequencearefrom the Cohn-Kanadéction-Unit-codedCarnaie Mellon Univer-
sity facialexpressiordatabas§l4]. The30 subjectfrom thedatabasearyin ethnicities,
ageandskin color.

Testswith noocclusionof ary facialfeatureseneasbaseline Theeffectof occlusion
is investigatedoy simulatingmissingfacial regions. The testsetcoversocclusionof the
mouth,upperface,or left/right half of the face. The motivationfor thesetestsare mary.
For example whensomebodyerformsanexpressiorsuchasasmile,it mayhapperthat,
he putshis handor anobjectin front of his mouth. Facial hair or glasseganalsoocclude
faceregions.

Theresultsareshavn in Figure6. Recognitionof ‘anger’ and‘surprise’ expressions
is robustto the occlusionof the mouth. This is asexpectedbecausesomediscriminatve
informationis alsoembeddedh theupperpartof theface.Surprisingly ‘joy’ is accurate
despitethe absencef the mouth,which is importantwhenmakinga smile. This unex-
pectedresultcould be dueto virtual lack of motion of the eyebrovs duringa smile. This
sets'joy’ apartfrom the otherexpressiornclassesinderstudy However, a problemmay
ariseif a neutralexpressionis consideredas a valid classfor recognition. The feature
vectors,for ‘joy’ andthe neutralexpressionwould be similar. The discriminative fea-
turesfor the‘'sadnesskexpressioraremainly conveyedby the mouth,asillustratedby the
sensitvity to mouthocclusionof therecognitionof ‘sadness’.

Both left/right facesideswere found to give the sameresultson average. They are
thereforerepresentedsonesinglesetin Figure6. Therecognitiorresultsunderocclusion
are very closeto the baselineresultscorrespondingo no occlusion. This shavs that
reducingthe amountof facial information by half still retainssuficient discriminative
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informationfor expressiorrecognition.However, removing thedatacorrespondingpo half
of thefacedoesnotnecessarilyneanthatwe remove redundantlata.Indeed expressions
canbeunilateralandbilateral[11].

Overall, the experimentakesultsshav thatthe proposedapproachs robustto partial
occlusionof the face. However, analysingexpressionaising geometricfeaturesmisses
theregionalinformationembeddedn imageintensity texture,or edges.Hence,ongoing
investigationsare studyingthe useof both geometricfeaturesandtexture. The effect on
robustnesso partialocclusion,of the granularityof the subdvision of thefaceinto local
regions,is alsounderstudy

6 Conclusion

A methodfor recognizingfacial expressionsn the presencenf occlusionhasbeenpre-
sentedFacialfeaturepointsareautomaticallytracked over animagesequencesndused
to represent facemodelmadeof severalregionsof interest.Decision-lerel fusioncom-
bineslocal interpretationof the facemodelinto a global recognitionscore. It hasbeen
experimentallyshovn thatthe proposedpproachs robustto partialocclusionof theface.
It hasalsobeenobsenedthatthereis aninteractionbetweernrecognitionrobustnesgor
someexpressionandwhatregion of thefaceis occluded.
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