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Abstract

We presenta new approachfor the recognitionof facial expressionsfrom
video sequencesin the presenceof occlusion. Although promisingresults
havebeenreportedin theliteratureonautomaticrecognitionof facialexpres-
sions,most techniqueshave beenassessedusingexperimentsperformedin
controlledlaboratoryconditionswhich do not reflectreal-world conditions.
Thegoalof thework presentedherein,is to developrecognitiontechniques
thatwill overcomesomelimitationsof currenttechniques,suchastheir sen-
sitivity to partialocclusionof the face. Theproposedapproachis basedon
a localisedrepresentationof facial features,andon datafusion. Theexper-
imentsshow that theproposedapproachis robust to partialocclusionof the
face.

1 Intr oduction

The automaticrecognitionof facial expressionshasbeenstudiedwith muchinterestin
the past10 years[9, 22, 24]. An importantpotentialapplicationof automaticfacial ex-
pressionrecognitionis humancomputerinteraction[19, 30]. It mayalsobeusedasatool
in humanbehavioral research[22]. This paperpresentsa new approachfor recognising
facial expressions,from imagesequences,in the presenceof partial occlusion.The ap-
proachis basedon a localisedrepresentationof facialexpressionfeatures,andon fusion
of classifieroutputs. Data fusion or sensorfusion hasbeenusedsuccessfullyin many
fields suchaspatternrecognition[6, 7, 25] or distributedcomputing[4, 5]. The ability
to handleoccludedfacial featuresis importantfor achieving robustrecognition.Despite
its importance,theeffectof occlusionon automaticfacialexpressionrecognitionhasnot
received muchattentionfrom the researchcommunity. As indicatedby Pantic [22], no
facial expressionrecognitiontechniquescancurrentlyhandlepartial occlusion. To the
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knowledgeof the authors,the effect of the latter on recognitionaccuracy hasnot been
assessedeither. Causesfor occlusionmaybefacialhair, glasses,handsor otherobjects.

By thenatureof their structures,facialmodelsusinglocal facial informationextrac-
tion have an advantageover modelsthat considerthe whole face. For instance,whena
part of the faceis occluded,performingoptical flow on the whole face[12] may cause
someproblemsin representingtheextracteddatafor laterclassification.Approachesus-
ing adeformablemodelfittedto thewholeface[16, 15] maybeadaptedto handlemissing
features,if thestructureof themodelandtheclassifierbothhandlepartialdatain ageneric
way. Facemodelsbasedonfeaturepointsanda localgeometricrepresentationof theface
[27, 28] canbe adaptedeasily for achieving robustnessto partial occlusion. The latter
will causethe lossof somemodelparametersbut the parametersnot affectedby occlu-
sionmaybestill usedfor classification.Theclassifieralsohasto beableto handlepartial
inputdataandmayneedto beretrained.

Although sensitivity to occlusionis still an unresolved problem,many techniques
for facial expressionrecognitionhave beenreported.Black andYacoob[2] usea local
parameterizedmodelof imagemotion from optical flow analysis.They utilize a planar
model for rigid facial motion andan affine-plus-curvaturemodel for non rigid motion.
OtsukaandOhya[21] estimatethemotionof theright eyeandthemouthby opticalflow.
Then,they performa2D wavelettransformto extractlow-frequency featurevectors.Essa
and Pentland[12] first locatethe nose,eyes and mouth. Then, from two consecutive
normalisedframes,a2D spatio-temporalmotionenergy representationof facialmotionis
usedasadynamicfacemodel.KimuraandYachida[15] fit whatthey call a‘potentialnet’
on theface.Then,applyinga Gaussianfilter to anedgeenhancedimage,they determine
a ‘potential field’. The net is thendeformedby the elasticforce of the potentialfield.
Informationencodedin the nodesof the net is usedfor classification.Wanget al. [28]
use19facialfeaturepoints.Thefaceis representedasa labeledgraphmodelwherefacial
featurepoints are treatedas interconnectednodes. Graphsare comparedto templates
for recognitionusinga minimum-distanceclassificationtechnique.Cohnet al. [8] use
featurepointsthatareautomaticallytrackedusingahierarchicalopticalflow method[18].
Thefeaturevectors,usedfor therecognition,arecreatedby calculatingthedisplacement
of the facialpoints. Thedisplacementis obtainedby subtractingits normalisedposition
in thefirst framefrom its currentnormalisedposition.Following Cohn’s approach,Lien
et al. [17] performthreemethods:denseoptical flow, featurepoint trackingandhigh
gradientedgeextraction.Then,thevectorsfrom eachextractionstepsarevectorquantized
andusedfor classification.Tian et al. [27] recentlyproposeda feature-basedmethod
using geometricfacial features. The extractedfacial regions (mouth, eyes, brows and
cheeks)arerepresentedwith geometricparameters.Thefurrows arealsodetectedusing
a Canny edgedetectorto measureorientationandquantifytheir intensity. Thegeometric
parametersarethenfed into aneuralnetwork for recognition.

Following thefacial featureextractionis theclassificationstep.Six basicexpression
classes(anger, disgust,fear, joy, sadness,surprise),definedby Ekman[10], areoftenused.
ExpressionanalyserscanclassifytheencounteredexpressionusingtheFACSsystem[11].
The FACS systemdefines46 actionunits (AUs) for describingfacial expressions.AUs
areanatomicallyrelatedto contractionof specificmuscles.AUscanbeclassifiedeitheras
a singleor combinationof AUs [2, 23, 8, 17, 27]. Most approachesfor theclassification
of expressionsfrom imagesequencesarebasedon neuralnetworks [23, 27], rule-based
models[2, 29], templatebased-methods[28, 20, 12, 15] usingminimum-distanceclassifi-
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cation,statisticalmodelsusingdiscriminantfunctionanalysis[8], or probabilisticmodels
suchashiddenMarkov Models[17, 21].

In thecontext of robustrecognitionof occludedexpressions,usinga modularclassi-
ficationandfusionapproachmayhave severaladvantagesover monolithicclassification
[25]. In thedatafusionapproach,failureof oneor severalclassifiersdoesnot necessarily
degradetheclassificationprocess.New classificationmodulescanalsobeappendedeas-
ily whenotherregionsof thefaceareto beexamined.Monolithic classifiersaresensitive
to incompleteinputdata,aswould occurin caseof partialocclusionof theface.

Thispaperpresentsandassessesa datafusionapproachaimingto achieverobustness
to partial occlusion. The paperis organisedasfollow: Section2 givesan overview of
thesystem.Section3 andSection4 describerespectively thespatio-temporalmodelused
to representtheexpressions,andtheclassificationanddatafusionframework. Section5
performsexperimentson the effect of occlusionanddiscussesthe results.We conclude
in Section6 by summarisingthefindingsandsuggestingfutureresearchdirections.

2 Overview of the approach
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Motion information
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Figure1: Architectureof therecognitionsystem.

The framework for automaticrecognitionof facial expressions,shown in Figure1,
consistsof a featurepoint tracker, a featureextractor, a groupof local classifiers,anda
fusionmodule.Thefeatureextractorprocesses12 facialfeaturepointswhich aretracked
over anentireimagesequenceby the robust tracker describedin [3] (Figure2). The12
facialfeaturepointsaresetmanuallyon thefirst frameof theimagesequence.

As describedin [3], the tracker, basedon the Kanade-Lucastracker [18], is capable
of following and recovering any of the 12 facial points lost due to lighting variations,
rigid or non-rigidmotion,or (to a certainextent)changeof headorientation.Automatic
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recovery, which usesthe nostrilsasa reference,is performedbasedon someheuristics
exploiting the configurationandvisual propertiesof faces.It wasshown in [3] that the
enhancedtracker outperformsthe Kanade-Lucastracker, in termsof recovering lost or
drifting points.

Whenthetrackingis over, independentlocalspatio-temporalvectors,arecreatedfrom
geometricalrelationsbetweenthe featurepoints (Figure3). Thesevectorscontainthe
motioninformationrelativeto thestartof eachsequence.Dynamicinformationis usedin
orderto achieve shapeindependence.Shapeindependenceis soughtsothat theeffect of
personidentity on expressionrecognitionis minimised. In particular, it hasbeenshown
in speaker recognitionthatlip shapeconveysidentity information[6].

Classificationis appliedto local facialregions(mouthandeyebrows)insteadof global
facialinformation,andthelocal regionsareclassifiedindependently. Thisway, occlusion
of a local region will not affect the classificationof the other regions. Decision-level
fusion [25] of classifieroutputsis used. For the purposeof this paper, 4 classesof ex-
pressionsareusedout of the6 definedin [10]; they arethefacialexpressionsfor ‘anger’,
‘joy’, ‘sadness’and‘surprise’.

Tracking

Automatic point
recovery

Next frame

loss

no loss

Tracker
update

Figure2: Automaticfeaturepoint trackingscheme.

3 Spatio-temporal representationof expressions

Facial point tracking is followed by a determinationof the start and endpointsof the
dynamicpart of the sequencefor eachlocal region. The neutralend-segmentsarethen
discarded.Thereafter, thedurationof thesequenceis normalisedto approximately2.66
secondsby linear interpolation. At 30 framesper second,this correspondsto 80 video
frames. The normalisationis appliedindependentlyto eachlocal region. As a result
of durationnormalisation,two expressionsperformedin a differentamountof time will
becomesimilar on thenormalisedtemporalscale.Figure4 illustratestheremoval of the
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Figure3: Facialmodelusedto producethesix local featurevectors.

neutralsegmentsat thebeginningandendof asequence.
The mouthmodel is definedusingthe four featurepointsshown in Figure2. From

thesefour points,we extract four paraboliccoefficients,which model the shapeof the
mouthin eachframe(Figure3). Theupperfacemodelalsoconsistsof four coefficients.
Two coefficientsmodeltheshapeof theeyebrowsbymeasuringtheirangleof deformation
(Figure 3). The other two coefficients measurethe distancefrom the eyebrows to the
nostrils (Figure 3). From the eight coefficients, a set of six local featurevectorsare
created:
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. The componentsof the featurevectorsare

createdby takingthedifferencebetweenthecoefficientsfor eachframe,andtheaverage
of thefirst setof coefficientsrepresentingthesegmentremovedfrom thebeginningof the
sequence.

Neutral Neutral

Amplitude of
parabolic coefficient

Frames Frames

Amplitude of
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Figure 4: Removal of theneutralsegmentsat thestartandendof a motionsequence.(a)
Neutralsegmentsdetected.(b) Neutralsegmentsremoved.
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4 Facial expressionclassification

Datafusionhasbeenusedby many researchersto improve theaccuracy of patternclas-
sification[6], whenseveralsourcesof informationareindependentor complementary. In
our system,eachlocal expert classifieroutputsa recognitionscorefor eachknown ex-
pression.The scoresare thencombinedto producea final classificationresult (Figure
5).
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Figure5: Expressionclassificationusingdecision-level fusion.

4.1 Local classifiers

Each local classifieris a rank-weighted� -nearest-neighbourclassifier. It producesa
weightedcumulativescorefor eachknown classof expression.Theweightedclassscore
is proportionalto the rank of eachnearestneighbourbelongingto the class. This is an
adaptationto the distance-weighted� NN classifier[1]. Therefore,the classof the first
nearestneighbourwill have thehighestscore,thentheclassof theseconda lower score
andsoonuntil wereach� neighbours.For instance,if ����� , theclassof thefirst nearest
neighbourreceivesa scoreof 4, the classof the secondneighbour3, until the fifth one
andtherestwhich receivea scoreof 0.

4.2 Combining scheme

Thecombinationis implementedasa sumschemeperformedat thedecisionlevel. It is
usedherefor its simplicity. Whenall local classifiersarecombined,all the classesof
expressionget a final scoreby summingthe class-specificscorefrom eachlocal classi-
fier. The unknown patternis assignedto the classwhich hasthe highestscore. Other
approachesto decisionfusionsuchaslinearcombination,Bayesianinference,neuralnet-
works,fuzzy logic arethesubjectof ourongoinginvestigations[6, 25, 13].
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5 Experimental results
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Figure6: Effectof partialocclusiononfacialexpressionrecognition.Errorbarsshow the
99%confidenceintervals.

Theaim of theseexperimentsis to studytherobustness,of theproposedrecognition
approach,to theocclusionof faceregions.Theexperimentshave beencarriedout using
100 video sequences,where25 sequencesareavailablefor eachexpressionclass. Par-
titioning into testandtraining setsis basedon the leave-one-outtestmethodology. The
confidencelimits areestimatedundertheassumptionthatrecognitionrateshaveof abino-
mial distribution [26]. The99%confidencelevelsproduce,in theworstcase,confidence
intervalsof � 10.3%for thetestsamplesizeandvaluesof recognitionratesmeasured.The
imagesequencesarefrom theCohn-KanadeAction-Unit-codedCarnegieMellon Univer-
sity facialexpressiondatabase[14]. The30subjectsfrom thedatabasevary in ethnicities,
ageandskincolor.

Testswith noocclusionof any facialfeaturesserveasbaseline.Theeffectof occlusion
is investigatedby simulatingmissingfacial regions. Thetestsetcoversocclusionof the
mouth,upperface,or left/right half of theface.Themotivationfor thesetestsaremany.
For example,whensomebodyperformsanexpressionsuchasasmile,it mayhappenthat,
heputshishandor anobjectin front of hismouth.Facialhairor glassescanalsoocclude
faceregions.

Theresultsareshown in Figure6. Recognitionof ‘anger’ and‘surprise’expressions
is robustto theocclusionof themouth.This is asexpectedbecausesomediscriminative
informationis alsoembeddedin theupperpartof theface.Surprisingly, ‘joy’ is accurate
despitethe absenceof the mouth,which is importantwhenmakinga smile. This unex-
pectedresultcouldbedueto virtual lack of motionof theeyebrowsduringa smile. This
sets‘joy’ apartfrom theotherexpressionclassesunderstudy. However, a problemmay
ariseif a neutralexpressionis consideredasa valid classfor recognition. The feature
vectors,for ‘joy’ andthe neutralexpression,would be similar. The discriminative fea-
turesfor the‘sadness’expressionaremainlyconveyedby themouth,asillustratedby the
sensitivity to mouthocclusionof therecognitionof ‘sadness’.

Both left/right facesideswerefound to give the sameresultson average.They are
thereforerepresentedasonesinglesetin Figure6. Therecognitionresultsunderocclusion
are very closeto the baselineresultscorrespondingto no occlusion. This shows that
reducingthe amountof facial informationby half still retainssufficient discriminative
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informationfor expressionrecognition.However, removingthedatacorrespondingto half
of thefacedoesnotnecessarilymeanthatweremoveredundantdata.Indeed,expressions
canbeunilateralandbilateral[11].

Overall, theexperimentalresultsshow thattheproposedapproachis robustto partial
occlusionof the face. However, analysingexpressionsusinggeometricfeaturesmisses
theregionalinformationembeddedin imageintensity, texture,or edges.Hence,ongoing
investigationsarestudyingtheuseof bothgeometricfeaturesandtexture. Theeffect on
robustnessto partialocclusion,of thegranularityof thesubdivision of thefaceinto local
regions,is alsounderstudy.

6 Conclusion

A methodfor recognizingfacial expressionsin the presenceof occlusionhasbeenpre-
sented.Facialfeaturepointsareautomaticallytrackedoveranimagesequences,andused
to representa facemodelmadeof severalregionsof interest.Decision-level fusioncom-
bineslocal interpretationof the facemodel into a global recognitionscore. It hasbeen
experimentallyshown thattheproposedapproachis robustto partialocclusionof theface.
It hasalsobeenobservedthat thereis an interactionbetweenrecognitionrobustnessfor
someexpressionsandwhatregionof thefaceis occluded.
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