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Abstract

TheFacialAction CodingSystem(FACS)is theleadingstandardfor measuringfacialexpressionsin the
behavioral sciences(Ekman& Friesen,1978).FACScodingis presentlyperformedmanuallyby human
experts,it is slow, andrequiresextensive training. AutomatingFACScodingcouldhave revolutionary
effectsin our understandingof humanfacial expressionandon the developmentof computersystems
that understandfacial expressions.Two teams,oneat Universityof California SanDiego andanother
at Universityof Pittsburgh andCarnegie Mellon University, werechallengedto developprototypesys-
temsfor automaticrecognitionof spontaneousfacial expressions.Developingsuchsystemsrequired
solvingtechnicalandtheoreticalchallengeswhich hadnot beenpreviously addressedin thefield. This
documentdescribesthe systemdevelopedby the UCSD team. The approachrelieson the useof 3-D
poseestimationandwarpingtechniquesto reduceimagevariability dueto generalchangesin pose.Ma-
chine learningtechniquesare thenapplieddirectly on the warpedimagesor on biologically inspired
representationsof theseimages.No effortsaremadeto detectcontoursor otherhand-craftedimagefea-
tures.This systemattained98%accuracy for detectingblinks in novel subjects,89%accuracy for brow
raises,94%accuracy for discriminatingbrow raisesfrom loweringof thebrows,and80%accuracy for
a 3-alternative decisionbetweenbrow raise,brow lower, andrandomlyselectedsequencescontaining
neither. Oneexciting aspectof theapproachpresentedhereis thatimportantmeasurementsemergedout
of filters which werederivedfrom the statisticsof images.We believe all the piecesof the puzzleare
readyfor thedevelopmentof automatedsystemsthatrecognizespontaneousfacialactionsat thelevel of
detail requiredby FACS.Themainreasonimpedingdevelopmentin this field is thelack of sufficiently
largedatabaseswhich maybecomea standardfor comparisonbetweendifferentapproaches.Basedon
our experiencein this projectwe estimatethata databaseof 500subjects,with 1 minuteof rich facial
behavior persubject,would besufficient for dramaticimprovementsin thefield.

1 Intr oduction

TheFacialAction CodingSystem(FACS)developedby EkmanandFriesen(Ekman& Friesen,1978)pro-
videsan objective descriptionof facial behavior from video. It decomposesfacial expressionsinto action
units(AUs) thatroughlycorrespondto independentmusclemovementsin theface(seeFigure1). Measure-
mentof facialbehavior at thelevel of detailof FACSprovidesinformationfor detectionof deceit,including
informationaboutwhetheranexpressionis posedor genuineandleakageof emotionalsignalsthatanindi-
vidual is attemptingto suppress– See(Ekman,2001)for acompetediscussion.
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Figure1: TheFacialAction CodingSystemdecomposesfacialmotion into componentactions.Theupper
facialmusclescorrespondingto actionunits1, 2, 4, 6 and7 areillustrated.Adaptedfrom Ekman& Friesen
(1978).

A major impedimentto the widespreaduseof FACS is the time requiredto train humanexpertsand
to manuallyscorethe video tape. FACS coding is presentlyperformedby trainedhumanobserverswho
analyzeframeby framethe expressionin eachvideo frame into componentactions(seeFigure1). Ap-
proximately300hoursof trainingarerequiredto achieve minimal competency on FACS,andeachminute
of videotapetakesapproximatelyonehour to score.An automatedsystemwould make fast,inexpensive,
andobjective facial expressionmeasurementwidely accessibletool for research,clinical, education,and
securityapplications.

A numberof groundbreakingsystemshave appearedin thecomputervision literaturefor facialexpres-
sion recognition. Thesesystemsincludemeasurementof facial motion throughoptic flow (Mase,1991;
Yacoob& Davis, 1994;Rosenblum,Yacoob,& Davis, 1996;Essa& Pentland,1997)andthroughtracking
of high-level features(Tian,Kanade,& Cohn,2001),methodsfor relatingfaceimagesto physicalmodelsof
the facialskin andmusculature(Mase,1991;Terzopoulus& Waters,1993;Li, Roivainen,& Forchheimer,
1993;Essa& Pentland,1997),methodsbasedon statisticallearningof images(Cottrell & Metcalfe,1991;
Padgett& Cottrell, 1997;Lanitis, Taylor, & Cootes,1997;Bartlett,Donato,Movellan, Hager, Ekman,&
Sejnowski, 2000),andmethodsbasedon biologically inspiredmodelsof humanvision (Bartlett,2001).

Most of theprevious work relied on datasetsof posedexpressionscollectedundercontrolledimaging
conditions,with subjectsdeliberatelyfacing the camera. Extendingthesesystemsto spontaneousfacial
behavior is a non-trivial problemof critical importancefor realisticapplicationof this technology. Psy-
chophysicalwork hasshowed that spontaneousfacial expressionsdiffer from posedexpressionsin their
morphology(which musclesaremoved),andtheir dynamics(how themusclesaremoved). For example,
subjectsoftencontractdifferentfacialmuscleswhenaskedto poseanemotionsuchasfearversuswhenthey
areactuallyexperiencingfear. Moreover, spontaneousexpressionshave a fastandsmoothonset,while in
posedexpressions,theonsettendsto beslow andjerky, andtheactionstypically donotpeaksimultaneously
(Ekman,2001). In addition,spontaneousfacialexpressionsposea numberof technicalchallengesthatare
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notaddressedby thecurrentgenerationof recognitionsystems.For example,spontaneousfacialexpressions
often occurin the presenceof out-of-planerotations,dueto the fact that peoplenod or turn their headas
they communicatespontaneouslywith others.This substantiallychangesthe input to thecomputervision
systems,andproducesvariationsin lighting asthesubjectalterstheorientationof hisor herheadrelative to
thelighting source.

Two researchteams(UCSD andCMU/Pitt) independentlydevelopedsystemsfor automaticallymea-
suringfacialactionsusingcomputervision techniques(Bartlett,Hager, Ekman,& Sejnowski, 1999;Cohn,
Zlochower, Lien, Wu, & Kanade,1999;Donato,Bartlett, Hager, Ekman,& Sejnowski, 1999;Tian et al.,
2001).In thisproject,thetwo researchteamscomparedperformanceof theirsystemsonacommondataset.
Eachdevelopedapproachesto addressthe technicalchallengesposedby spontaneousfacial expressions.
Herewe presentthe UCSD approach.Historically the UCSD teamhaschampionedmethodsthat merge
machinelearningtechniquesandbiologically inspiredmodelsof humanvision while the CMU/Pitt team
specializeson contour-basedrepresentationsof facial features.Both approacheshave advantagesanddis-
advantagesandit is unclearwhichapproachwill scalebetterwhenappliedto morerealisticproblems.

2 Previous work at UCSD

Ourpreviouswork focusedon theusedof unsupervisedmachinelearningtechniquesto find efficient image
representations.We comparedfacial actionrecognitionperformanceusingimagefilters derived from su-
pervisedandunsupervisedmachinelearningtechniques.Thesedata-drivenfilters werecomparedto Gabor
wavelets,in whichtheimagefiltersarepredefined,andcloselymodeltheresponsetransferfunctionof visual
cortical receptive fields. Thesefilters canbe consideredadaptive in a developmentalor phylogenicsense.
In additionwe alsoexaminedmotionrepresentationsbasedon optic flow, andanexplicit feature-extraction
techniquethatmeasuredfacialwrinklesin specifiedlocations(Bartlettetal., 1999;Bartlett,2001).

Image database: We useda databaseof directedfacialactionscollectedin a previouscollaborationwith
Paul Ekmanat the University of California, SanFrancisco.The full databaseconsistsof 1100sequences
containingover 150 distinct actionsandactioncombinations,and24 subjects. A sampleof threefacial
actionsis shown in Figure2. Our initial analysisaddressed12facialactions,6 in theupperfaceand6 in the
lower face,performedby 20 subjects.

Adaptive methods: We comparedfour techniquesfor developingimagefilters adaptedto the statistical
structureof faceimages.ThetechniqueswerePrincipalComponentAnalysis(PCA),LocalFeatureAnalysis
(LFA) (Penev & Atick, 1996),Fisherlinear discriminants(FLD), and IndependentComponentAnalysis
(ICA). Principalcomponentanalysis,LocalFeatureAnalysisandFisherdiscriminantanalysisareafunction
of thepixel by pixel covariancematrixandthusinsensitive to higher-orderstatisticalstructure.Independent
componentanalysisis sensitive to high-orderdependencies,not just covariancesin thedata.We employed
a learningalgorithmfor ICA developedin Terry Sejnowski’s laboratorybasedon theprincipleof optimal
information transferbetweenneurons(Bell & Sejnowski, 1995). The PCA and ICA representationsare
describedin moredetailhere.

PCA: ThePCA representationis alsoknown aseigenfaces(Turk & Pentland,1991).WeperformedPCA
on the datasetof differenceimages,whereeachdifferenceimagecompriseda point in �� given by the
brightnessof the � pixels. The PCA basisimageswerethe eigenvectorsof the pixel by pixel covariance
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Figure2: Sampleof threeupperfacialactionsat high intensitymuscularcontraction.On theright arethe
differenceimageobtainedby subtractingthepixel gray-valuesof a neutralexpressionimage.Grayis zero,
negative valuesaredarkandpositive valuesarelight. AU: Action Unit.

matrix(seeFigure4a),andthefirst 8 coefficientswith respectto thenew basiscomprisedtherepresentation.
Multiple rangesof componentswere tested,from 8:9<;>= to 8?9A@B=C= , andperformancewasalso tested
excluding the first 1-3 components.Best performanceof 79.3% correctwas obtainedwith the first 30
principalcomponents.

ICA: RepresentationssuchasPCA(eigenfaces),areinsensitive to thehigh-orderdependenciesamongthe
pixels, i.e., theobtainedeigenfacesdependonly on thepair-wise correlationsbetweenimagepixels in the
trainingdatabase.Independentcomponentanalysis(ICA) is a generalizationof PCA thatis sensitive to the
high-orderdependenciesbetweenimagepixels,not justpair-wiselineardependencies.WeobtainedanICA
representationfor facialexpressionimagesusingBell & Sejnowski’s infomaxalgorithm(Bell & Sejnowski,
1995,1997)algorithm. Independentcomponentanalysisdevelopedvery different imagerepresentations
from theotherimageprocessingtechniques.TheICA representationswerelocal andfeature-like (seeFig-
ure4b)while thePCArepresentationswheremoreholistic(seeFigure4a).UnlikePCA,thereis noinherent
orderingto theindependentcomponentsof thedataset.We thereforeselectedasanorderingparameterthe
classdiscriminabilityof eachcomponent,definedastheratioof between-classto within-classvariance.Best
performanceof 96%wasobtainedwith thefirst 75componentsselectedby classdiscriminability. Classdis-
criminability analysisof a PCA representationwaspreviously found to have little effect on classification
performancewith PCA (Bartlett,Movellan,& Sejnowski, 2001).Of all theadaptive methodsICA gave the
highestperformanceof 96%correctgeneralizationto novel faces,whereasPCA,LFA, andFLD gave 79%
and81%,and76 % accuracy respectively.
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Figure3: Exampleimagedecomposition.Here,adifferenceimageof a lower faceactionis convolvedwith
a family of Gaborwavelets.Theoutputof thedecompositionis channeledto theclassifier.

Gabor wavelets: Gaborwaveletsare2-D sinewavesmodulatedby aGaussianenvelope.They areshown
to be good modelsof the receptive fields found in simple cells of the primary visual cortex (Daugman,
1988).Wetestedarepresentationwhichemployedafamily of Gaborwaveletsat5 spatialfrequenciesand8
orientations(seeFigure4c). To provide robustnessto lighting conditionsandto imageshiftswe employed
a representationin which theoutputsof two Gaborfilters in quadraturearesquaredandthensummed.This
representationis known asGaborenergy filters andit modelscomplex cells of the primary visual cortex.
Classificationperformancewith theGaborrepresentationwas96%,matchedonly by theICA representation.

Optic flow: Motion is animportantsourceof informationfor facialexpressionrecognition.Wecompared
the imagedecompositionrepresentationsabove to a motion- basedrepresentation.Facialmotion wasex-
tractedusinga correlation-basedoptic flow algorithmwith sub-pixel accuracy (Singh,1991). Recognition
accuracy usingmotionalonewas86%correct.

Explicit feature measurement: We alsoexamineda feature-basedrepresentationthat measuredfacial
wrinklesandthedegreeof eyeopening.Wrinklesweremeasuredusingimagegradientsin specificlocations,
andeye openingwasmeasuredas the areaof visible scleralateral to the iris. Recognitionwith explicit
featuremeasurementsattainedonly 57%accuracy.

Overall Findings: Imagedecompositionwith gray-level imagefilters outperformedexplicit extractionof
facial wrinkles or motion flow fields. Bestperformancewasobtainedwith Gaborwavelet decomposition
andindependentcomponentanalysis,eachof whichgave96%accuracy for classifyingthe12 facialactions
(seeTable 1). This performanceequaledthe agreementsratesof expert humansubjectson this set of
images.TheGaborandICA representationsemployedlocalfilters,whichsupportsrecentfindingsthatlocal
filtersareimportantfor faceimageanalysis(Padgett& Cottrell,1997;Gray, Movellan,& Sejnowski, 1997;
Lee& Seung,1999). Yet, the local propertyalonewasinsufficient, aslocal filters basedon second-order
statistics(LFA andlocal implementationsof PCA), did not performsignificantlybetterthanglobal PCA.
Otherpropertiessharedby GaborandICA filters includesensitivity to high-orderdependenciesamongthe
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Figure4: Sampleimagefilters for theupperface.a. First four eigenfaces.b. Four independentcomponent
filters. TheICA filters arelocal,spatiallyopponent,andadaptedto theimageensemble.c. Gaborwavelets.

Eigenfaces 79.3% D 4
LocalFeatureAnalysis 81.1% D 4
IndependentComponentAnalysis 95.5% D 2

Computational Analysis Fisher’s LinearDiscriminant 75.7% D 4
GaborWaveletDecomposition 95.5% D 2
OpticFlow 85.6% D 3
Explicit Features 57.1% D 6

Human Subjects Naive 77.9% D 3
Expert 94.1% D 2

Table1: Action unit recognitionin novel (i.e., cross-validation)faceimages.Valuesarepercentagreement
with FACSlabelson thedatabase.
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pixels(Field,1994;Simoncelli,1997),andrelationshipsto visualcorticalneurons(Daugman,1988;Bell &
Sejnowski, 1997).SeeBartlett(2001)for amoredetaileddiscussion.

3 Project Description

3.1 Image data

In this project,the two teams(UCSDandPitt/CMU) attemptedto recognizefacialactionsin spontaneous
facial behavior. Paul EkmanandMark Frankprovided video tapesof 20 subjectsfrom a deceptionstudy
which includedtwo conditions,named“Opinion” and“Theft”. In the“Opinion” condition,subjectseither
hadto lie or tell thetruthaboutastronglyheldopinion.Thisconditionwasnotanalyzedin thisproject.The
“Theft” condition,whichwasthefocusof thisproject,employedthefollowing experimentalparadigm:For
half thesubjects,a drawer contained$50,for theotherhalf thedrawer wasempty. If thedrawer contained
money, subjectsweretold that they hadthechoiceof taking it or not. They weretold thatafterwardsthey
would have to convince an experimenterthat eitherthe drawer hadno money or that they did not take it.
They weretold that if they managedto convince theexperimenter, thenthey couldkeepthemoney. They
werealsotold that if theexperimenterthoughtthey werelying, thenthey would have to besubjectedto a
very uncomfortableloud noisefor 1 minute.Subjectsweregivena sampleof thenoiseat thebeginningof
theexperiment.Subjectscaughtlying werenotactuallypunished.

Frank and Ekman(unpublished)found that deceptioncould be reliably detectedfrom facial actions
scoredby humanFACScoders.Thedetectionratebasedon FACScodeswassignificantlyhigherthanthe
detectionrateof bothnaive humansubjectsandpoliceofficerswatchingthevideo.

Videotapeswere digitized by YaserYacoobat the University of Maryland, and the imagedatawas
distributedto the two teamson harddisks. The imagedataconsistedof 300gigabytesof 640x 480color
images.Thevideowasdigitizedat 30 framespersecondwith 2:1 interlacing.Thequality of thedigitized
imageswasrelatively poorfor currentstandards.

Approximatelyone minute of video was FACS codedfor eachsubject. FACS codeswere initially
providedonly for 10 of the20 subjects,wherethesecond10 subjectswerereserved for testing.Of the10
subjectsoriginally designatedfor trainingthecomputers,7 wereCaucasian,2 wereAfrican American,and
1 wasAsian. Threesubjectsworeglasses,onehadfacialhair, andonehadanotheroccluder(bandaid)on
his nose.FACScodeswerelaterprovided for 7 additionalsubjects,consistingof 4 Caucasians,1 African
American,and2 Asians.Two hadfacialhair andnoneworeglasses.

3.2 Technicalchallenges

This project is the first seriousattemptto automaticallycodefacial movementin spontaneousfacial ex-
pressions.Theprevious work of both teamsemployed datasetsof posedexpressionscollectedundervery
controlledimagingconditions,with subjectsdeliberatelyfacingthecamera.Extendingoursystemsto spon-
taneousfacialbehavior is acritical stepforward,andamajorcontribution of thisprojectto basicresearch.

As mentionedearlierin thisdocument,spontaneousfacedatabringswith it anumberof technicalissues
thatneedto beaddressedfor computerrecognitionof facialactions.Perhapsthemostimportantissuesare:
(1) Thepresenceof out-of-planeheadrotationsassubjectsnodor turn their headsasthey interactwith the
interviewer or respondto a stimulus.This substantiallychangesthe input to thecomputervision systems,
andit alsoproducesvariationsin lighting asthesubjectalterstheorientationof hisor herheadrelative to the
lighting source;(2) Thepresenceof occlusionscausedby out-of-planeheadrotation,glassesandbeards;(3)
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In spontaneousbehavior, thefacialactionsarenot temporallysegmented,andmaynot begin with a neutral
expression;(4) The low amplitudeof spontaneousfacial actions;(5) Coarticulationeffectsbetweenfacial
actions,andbetweenfacialactionsandspeechrelatedmovements.

Very small samplesize: An unexpectedissuethatcompoundedthesetechnicalchallengesin thecurrent
projectwasthevery small samplesizesavailableto the researchteams.Themachinelearningalgorithms
employedby boththeUCSDandPittsburgh teamsrequirea largenumberof examplesof eachfacialaction
in orderto accuratelyrecognizethemin novel subjects.Largesamplesizesareparticularlyimportantwhen
thereis significantimagevariability suchasthatdescribedin this sectionandin Section3.1. Tablesindi-
catingthenumbersof examplesof eachAU in theFACScodesprovidedby theRutgersteamaregiven in
AppendixA. Thenumbersarevery small. Hencethe two teamsagreedwith Kathy Miritello andthe two
technicalreviewers(YaserYacoobandPietroPerona)to usethedatafrom all 20subjects1 for development,
and testperformanceusing leave-one-outcross-validation (Tukey, 1958). This proceduremaximizesthe
availabledatafor training systemparameters.In this procedure,datafrom all but onesubjectis usedto
estimatesystemparameters,andthe remainingsubjectis usedfor testing.Theparametersaredeletedand
re-estimatedmultiple times,eachtime leaving out a differentsubjectfor testing. Meantestperformance
providesanestimateof generalizationperformanceon novel subjects.For technicalreasons,datafrom 17,
not20 subjectswasemployed.

Evenwith leave-one-outcross-validation,small samplesizescontinuedto beanoverriding issue.The
two teams,in conjuctionwith thetwo technicalreviewers,conferredin Juneto definesomerecognitiontests
for which therewassufficient datato trainandtesttheir systems.Thesetestsaredescribedin Section4.

4 Comparison tests

ThePittsburgh andUCSD teamsselectedtwo tasksto testtheir systems.The tasksinvolve detectionand
discriminationof of actionunit 45 (blinks), actionunits 1+2 (brow raise)andactionunit 4 (brow lower).
Figure 5 shows examplesof eachof theseaction units. The main criteria for selectingthesetaskswas
thepresenceof a minimally sufficient numberof examplesfor training thecomputerandthe relevanceto
detectingpsychologicalstatessuchasalertness,anxiety, andsurprise.It is importantto emphasizethatwhile
thesetestsevaluateonly a few basicfacialmovements,thegoalof this projectwasnot to developsystems
that performedwell on thesespecifictests. Both teamsattemptedto develop generalpurposeapproaches
to FACS recognitionthat could generalizeto other facial actions,provided sufficient training datawere
available. It may be possibleto develop ad-hocproceduresthat capitalizeon the specificsof detectionof
blinks andbrow raiseson this database.However, this wasnot the purposeof our work, for suchad-hoc
proceduresmaynotgeneralizewell to otheractionunitsandotherdatabases.

Examplesin which theRutgerscoderandthePittsburgh coderdisagreedon thepresenceof theaction
unit wereexcludedfrom the tests.The tablesin AppendixA give thequantitiesof eachactionunit coded
by the Rutgerscoder. The tableshows, for example,that the Rutgerscoderdetecteda viable numberof
examplesof actionunit 7. The Pittsburgh coder, however, disagreedwith mostof the examplesof action
unit 7, andhenceAction Unit 7 wasnot consideredfor thepreliminarytests.

For eachactionunit, thePittsburgh coderdefinedasequencewindow containingthebeginningandend
of theaction,wherethefirst andlast frameof thesequencewasascloseto neutralaspossible.Often,this

1For technicalreasons,datafrom 17,not 20 subjectswasprovided. Theamountof datacouldbemorethandoubledsimply by
providing FACScodesfor theadditional3 subjects,plustheOpinionconditionfor all 20.
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Figure5: Exampleof actionunit 45 (left), 1+2(center)and4 (right).

wasoneframeoneithersideof thebeginningandendof theAU, but sometimesit wasnotassimpleasthat.
Pleaserefer to the reportby thePittsburgh groupfor moreinformation. The Pittsburgh andUCSD teams
agreedto usethefirst frameof eachsequenceif their systemsrequiredaneutralframe.

1. Blinks

Blink detection(AU 45)wasselectedasa basictestof theability of thecomputersystemsto classify
a simplefacialmovementin this highly variableimagingenvironment.Blinks werechosenbecause
of their relevanceto applicationssuchasmonitoringof alertnessandanxiety, andbecausetherewas
significantlymore training datafor blinks than for any other facial action. The positive examples
consistedof every sequencecontaininga blink for which theRutgersandPittsburgh codersagreeda
blink waspresent.Someof thesesequencescontainedmultiple blinks or “flutters” without a return
to neutral. Therewere184 blinks occurringin 168 sequences.The negative samplesfor this task
consistedof 184randomlyselectedsequencesmatchedby subjectandlength. Theonly criteriawas
that the negative sequencedid not containa blink. The humansubjectcompositionof this dataset
consistedof 7 Caucasians,2 African Americans,1 Asian,3 subjectswith glasses,onewith facialhair,
andonewith aband-aidonhis nose.

2. Brows

Thebrow regioncontainedcontainedfacialactionsof importancefor monitoringpsychologicalstates,
and for which we hada reasonableamountof training data. The two teamsconverged on a three
category testsrelatedto thebrow region:

(A) The first category, which we named“brow raise” containedcombinationsof AU1 and AU2.
Therewere48 examplesof brow raisesfrom 12 subjectsfor which theRutgersandPittsburgh coders
agreed. Includedin this category is any sequencecontaininga AU1+2, regardlessof co-occurring
actions.Therewere38examplesof AU1+2aloneperformedby 10subjects,9 examplesof AU1+2+5
performedby 4 subjects,and1 exampleof AU1+2+5+7. The humansubjectcompositionof this
datasetconsistedof 7 Caucasians,3 African Americans,2 Asians,4 subjectswith glasses,and2 with
facialhair.

(B) Thesecondcategory wascalled“brow lower” andconsistedof sequencescontainingAU4 (brow
furrow) andor strongAU9 (nosewrinkle, which also lowers the brows). Therewasa total of 14
examplesof AU 4 and/orstrongAU9 for which bothcodersagreed,andthesewereperformedby 9
subjects.Therewere8 examplesof AU4 alone,1 exampleof AU9 alone,1 exampleof AU4+9, 2
examplesof AU4+1, 1 exampleof AU4+5, and2 examplesof AU4+7. Therewereno examplesof
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AU1+2+4onwhichtheRutgersandPittsburghcodersagreed.Thehumansubjectcompositionof this
datasetconsistedof 5 Caucasians,3 African Americans,1 Asian,1 subjectwith glasses,and2 with
facialhair.

(C) Thethird categoryconsistedof randomlyselectedsequenceswhichdid notcontainimagesof cat-
egoriesA andB. Thesesequenceswerematchedby subjectandlengthto thesequencesin categories
A andB. A totalof 62 randomsequenceswereselected.

5 TechnicalApproach

Weidentifiedout-of-planerotationsasthemostimportanttechnicalchallengefor applicationof ourprevious
researchmethodsto thisdatabase.Ourapproachappliesstatisticalmethodsdirectly to imagesor filter bank
imagerepresentations.While in principle suchmethodsmay be able to learn the invariancesunderlying
out-of-planerotations,in practicethe amountof dataneededto learnsuchinvarianceswould be beyond
thescopeof this project. Instead,we decidedto reducetheeffect of this sourceof variability by using3D
models.Theideais to fit 3D modelsto theimageplane,texturethosemodelsandwarptheminto canonical
views (e.g.,frontalviews)andfacegeometries.Theapproachcanbecharacterizedas3D facewarping,and
it is a generalizationof the2D warpingapproachwe usedin our previouswork (Bartlett,Viola, Sejnowski,
Larsen,Hager, & Ekman,1996;Movellan,1995).

While webelievedthisapproachhadgoodchancesfor success,wealsoidentifiedreasonsfor its potential
failure: (1) Automaticestimationof 3D posefrom 2D imagesmay not feasiblewith today’s technology;
(2) Even if 3D poseestimationis possible,the distortionsintroducedby the warping processmay still
overwhelmthe statisticalclassifiers;(3) Even if the warpingprocessdoesnot introducemajor distortion,
usinghighdimensionalimagedata,insteadof parameterizedcontourmodels,mayoverwhelmthestatistical
classifiers,speciallyfor spontaneousfacialactionswhich areknown to have a relatively low signalto noise
ratio.

Basedon the fact that we had limited time andhumanresourceswe decidedto concentratemostof
our work on answeringquestions(2) and(3). Onceit becameclearthat theapproachwaspromising,one
memberof ourgroupstartedworkingon theproblemof realtime,automaticestimationof 3D pose.

5.1 3D poseestimation

First we developeda systemfor estimatingfacegeometryand3D posefrom hand-labeledfeaturepoints.
This allowedusto testthefeasibility of our approachbeforeallocatingtheresourcesrequiredto tacklethe
problemof fully automated3D poseestimation.In additionthelabeledimageswereusedto provideground
truth for training automaticfeaturetrackingandautomatic3D posetrackingalgorithms. In parallel,one
memberof ourgroupis onanextendedvisit to Matthew BrandatMERL, whorecentlydevelopedastateof
theartmethodfor recovering3D modelsfrom 2D imagesequences(Brand,2001).

Whenlandmarkpositionsin theimageplaneareknown, theproblemof 3D poseestimationis relatively
easyto solve. While deterministicalgorithmsarepossible,wedecidedto useastochasticfiltering approach
thatcouldbeeasilymodifiedfor thecasein which landmarkpositionsareunknown, andareestimatedsi-
multaneously. Wedid somepreliminarystudiesandfoundthatwhenuncertaintyis introducedin thefeature
positions,thestochasticfiltering approachperformedsignificantlybetterthanthemostrobustdeterministic
algorithms(Figure6).
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Figure6: On theleft, theperformanceof theparticlefilter is shown asa functionof thenumberof particles
used.On theright theperformanceof theparticlefilter andtheOI algorithmasa functionof noiseaddedto
thetruepositionsof features.

5.1.1 Estimation of FaceGeometry

We startwith a canonicalwire-meshfacemodel(Pighin,D, Szeliski,& Salesin,1998)which is thenmod-
ified to fit thespecifichead-shapeof eachsubject.To this effect 30 imagesareselectedfrom eachsubject
to estimatethefacegeometryandthepositionof 8 featureson theseimagesis labeledby hand(earlobes,
lateralandnasalcornersof theeyes,nosetip, andbaseof thecenterupperteeth).Basedonthose30 images
the3D positionsof the8 tracked featuresis recoveredusingstandardcomputervision techniques.A scat-
tereddatainterpolationtechnique(Pighinet al., 1998)is thenusedto modify thecanonicalfacemodelto
fit the8 known 3D pointsandto interpolatethepositionsof all theotherverticesin thefacemodelwhose
positionsareunknown. In particular, given a setof known displacementsEGFH9JIKFMLNI%OF away from the
genericmodelfeaturepositions I OF , we computedthe displacementsfor the unconstrainedverticesP . We
thenappliedasmoothvector-valuedfunction QSRTISU thatwefit to theknown verticesEGFG9:QSRTIKFVU from which
we cancomputeEXW�9:QSRTIYWZU . Interpolationthenconsistsof applying

QSRTISUS9\[ F^] F`_%Rbaca IdLeIGFfacagU (1)

to all vertices8 in themodel,where _ is a radialbasisfunction. Thecoefficients ] F arefoundby solvinga
setof linearequationsthatincludestheinterpolationconstraintsEGF%9hQSRTIGFiU andtheconstraintsj F ] F%9h=
and j F ] FVIGkF 9?= .
5.1.2 Particle filters

3-D poseestimationcanbe addressedfrom the point of view of statisticalinference. Given a sequence
of imagemeasurementslm9nRil �po>q>q>qKo lsrtU , a fixed facegeometryand cameraparameters,the goal is
to find the mostprobablesequenceof poseparametersuv9wRiu �po>q>q>qGo uXrtU representingthe rotation,scale
and translationof the faceon eachimageframe. In probability theory the estimationof u from l is a
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known “stochasticfiltering”. The main advantageof probabilisticinferencemethodsis that they provide
a principledapproachto combinemultiple sourcesof information,andto handleuncertaintydueto noise,
clutterandocclusion.Markov ChainMonte-Carlomethodsprovide approximatesolutionsto probabilistic
inferenceproblemswhichareanalyticallyintractable.

We exploreda solutionto this problemusingMarkov ChainMonte-Carlomethods,alsoknown ascon-
densationalgorithmsor particlefiltering methods,(Kitagawa, 1996;Isard& Blake, 1998). Our approach
worked asfollows. First thesystemis initialized with a setof � particles.Eachparticleis parameterized
using7 numbersrepresentinga hypothesisaboutthepositionandorientationof a fixed3D facemodel: 3
numbersdescribingtranslationalongthe x , y , and z axesand4 numbersdescribinga quaternion,which
givesthe angleof rotationandthe3D vectoraroundwhich the rotationis performed.Sinceeachparticle
hasanassociated3D facemodel,wecanthencomputetheprojectionof { facialfeaturepointsin thatmodel
ontotheimageplane.Thelikelihoodof theparticlegivenanimageis assumedto beanexponentialfunction
of thesumof squareddifferencesbetweentheactualpositionof the { featureson the imageplaneandthe
positionshypothesizedby theparticle.In futureversionsthislikelihoodfunctionmaybebasedontheoutput
of featuredetectorsand/oroptic flow algorithms.At eachtime stepeachparticle“reproduces”with proba-
bility proportionalto thedegreeof fit to theimage.After reproductiontheparticlechangesprobabilistically
in accordanceto a facedynamicsmodel,andthe likelihoodof eachparticlegiven the imageis computed
again.It canbeshown (Kitagawa, 1996)thatas �}|m~ theproportionof particlesin a particularstatesat
a particulartime convergesin distribution to theposteriorprobabilityof thestategiventheimagesequence
up to thattime �����

B�H� �)r�R��)U� 9?��RiuYrK9���apl �>o>q>q>qGo l�r2U (2)

where �)rbR��YU representsthe numberof particlesin state � at time � . The estimateof the poseat time � is
obtainedusingaweightedaverageof thepositionshypothesizedby the � particles.

We comparedthe particlefiltering approachto poseestimationwith a recentdeterministicapproach,
known asthe orthogonaliteration(OI) algorithm(Lu, Hager, & Mjolsness,), which is known to be very
robustto theeffectsof noise.

Performanceof theparticlefilter wasevaluatedasa functionof thenumberof particlesused.Error was
calculatedasthemeandistancebetweentheprojectedpositionsof the8 facialfeaturesbackinto theimage
planeandgroundtruth positionsobtainedwith manualfeaturelabels.Figure6 (Left) shows meanerror in
facialfeaturepositionsasafunctionof thenumberof particlesused.Errordecreasesexponentially, and100
particlesweresufficient to achieve 1-pixel accuracy (similar accuracy to thatachievedby humancoders).

A particlefilter with 100particleswastestedfor robustnessto noise,andcomparedto theOI algorithm.
Gaussiannoisewasaddedto the positionsof the 8 facial features.Figure6 (Right) giveserror ratesfor
bothposeestimationalgorithmsasa functionof thevarianceof theGaussiannoise.While theOI algorithm
performedbetterwhentheuncertaintyaboutfeaturepositionswasverysmall(lessthan2 pixelsperfeature).
The particlefilter algorithm performedsignificantlybetterthanOI for more realistic featureuncertainty
levels.

5.1.3 Fully automatedreal time 3D posetracking

The FACS classificationresultspresentedherearebasedon the outputof the 3D poseestimationsystem
which employs hand-labeledfeaturepoints.However theparticlefiltering approachextendsin a principled
wayfor easyintegrationwith stateof theartmethodsfor realtime3D tracking.In particular, onememberof
our team,is makinganextendedvisit to Matthew Brand’s laboratoryatMERL with thegoalof merging the
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Figure7: A demonstrationof Brand’s realtime3D facetrackingmethodat work on Subject19.

particlefiltering approachwith his recentlypublishedmethodfor realtime3D facetracking(Brand,2001).
Figure7 shows anexampleof thecurrentprototypeatwork ononeof Subject19 from thecurrentdatabase.

5.2 Generation of imagerepresentation.

Once3D posewasestimated,faceswererotatedto frontal andwarpedto acanonicalfacegeometry. Image
warpingwasperformedusing the interpolationtechniquedescribedin Section5.1.1. It hasbeenshown
that for facerecognition,methodssuchas eigenfacesgive superiorperformancewhen facesarewarped
to a canonicalgeometry(Wechsler, Phillips, Bruce, Fogelman-Soulie,& Huang,1998). For expression
recognition,it maybeeven moreimportantto remove variationsin faceshape.An exampleoutputof the
facerotationandwarpingsystemis shown in Figure8.

Figure8: Original image,modelin estimatedpose,andwarpedimage.

Imageswere scaledand croppedautomaticallyfrom the output of the poseestimationand warping
system.Imageswerecroppedto 192x 132with 105pixelsbetweentheeyes. Theverticalpositionof the
eyeswas0.67of thewindow height.Pixel brightnesseswerelinearlyrescaledto [0,255],andpassedthrough
asofthistogramequalizationperformedusingalogisticfilter with parameterschosento matchthemeanand
varianceof thepixel valuesin theneutralframe.Differenceimageswereobtainedby subtractinga neutral
expressionframefrom thesubsequentframesin eachsequence.

Our previouswork demonstratedthatGaborwaveletfilters andindependentcomponentanalysis(ICA)
werethemosteffective formsof imagerepresentationamongthosewe testedfor facialactionrecognition.
ThedifferenceimageswerepassedthroughtheGaborfiltersdescribedin Section2. A bankof Gaborfilters
at 5 spatialfrequenciesand8 orientationswasemployed. Theamplitudeof theoutputwascalculatedand
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passedto the classifier. Figure9 shows the userinterfaceof our currentsystem. The systemworks on
MSWindows andLinux environments.

Figure9: UserInterfacefor theUCSDFACSRecognitionSystem.Thecurveshows theoutputfor theblink
detectorduringtherelaxationphaseof ablink. Theimageshown was5 framespastthepeak.

5.3 Classification.

Oncetheimagerepresentationis obtainedit is channeledto astatisticalclassifier. In thecurrentversionwe
areusingsupportvectormachines.Supportvectormachines,introducedby V. Vapnikin 1992,areproving
to beexcellentclassifiersfor avery widevarietyof problems.By effectively embeddingvectorsin ahigher
dimensionalspace,wherethey may be linearly separable,SVM’s cansolve highly non-linearproblems.
Theobjectiveof supportvectormachinesis to find ahyperplanethatseparatesthedatacorrectlyinto classes
with asmuchdistancefrom thatplaneaspossible.The trainingvectorsclosestto theoptimal hyperplane
arecalled the supportvectors. SVMs tend to achieve very goodgeneralizationrateswhencomparedto
otherclassifiersbecausethey focuson thesemaximally informative exemplars,the supportvectors. The
computationalcomplexity of anSVM dependsonthenumberof trainingexamples,but notonthedimension
of theembeddingspaceor on thedimensionsof theoriginal vectors.This is well suitedto many expression
recognitionproblems,which tendto involve relatively smallsetsof trainingsamples(orderhundred),while
eachmagerepresentationvectormaybequitelong(ordermillion dimensions).Thedimensionof theGabor
representation,for example,is thenumberof pixelstimesthenumberof filters.

SupportvectormachinesweretrainedandtestedontheAU peakframes2, asidentifiedby thePittsburgh

2Notethatthis taskis differentfrom discriminationwhenthepositionof thepeakframesis unknown, which is thetasksolved
by theHMMs.
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FACScoder. Gaborrepresentationscomprisedthe input to theSVM’s. We alsoexaminedperformanceof
theSVM’sapplieddirectly to thedifferenceimages,without theGaborfilters.

The outputof the classifierswas thenfed to a bankof hiddenMarkov models,to take advantageof
dynamicinformationin theoutputof theclassifier. HiddenMarkov modelsweretrainedandtestedon full
sequences,without informationaboutthe locationof theAU peak.We comparedperformanceof HMM’ s
trainedon theoutputsof theSVM’s to HMM’ s traineddirectlyon Gaborrepresentations.

6 Research Questions

Wedesignedaseriesof teststo explorethefollowing researchquestions:

1. Image alignment: It wasan openquestionwhether3D poseestimationandwarpingwould in fact
improve recognitionperformanceover 2D alignmentmethods,or whethernoiseintroducedin the
processwould interferewith recognition. We tested: (1) A 3D facemodelwith geometryadapted
to eachsubjectbasedon 8 anchorpoints;(2) A planemodel,which is equivalentto the2D warping
approachusedin ourpreviousresearch.Futureexperimentswill testothermodels,suchascylinders,
or ellipsoids.

2. Image representation: We comparedrepresentationsbasedon: (1) Raw pixel levels; (2) Gabor
energy filters. We alsoexperimentedwith different spatialfrequency rangesfor the Gaborfilters.
Futureexperimentswill testalternative representations,suchasICA andPCA.

3. Classifier: Herewe examinedHMM trainedon the outputsof SVM’s and trainedon Gaborfilter
bankrepresentations.We alsoexaminedHMM’ s traineddirectly on dimensionality-reduced Gabor
representationsratherthanSVM outputs.Futuretestswill includediffusionnetworks(a recentcom-
petitorof HMMs), BayespointMachines(arecentcompetitorof SVMs),multilayerneuralnetworks,
andstandardnearest-neighborclassifiers.

7 Results

All resultsreportedin thissectionarefor generalizationto novel subjects,testedusingleave-one-outcross-
validation.Theresultsaresummarizedin Table4.

7.1 Blinks

Action unit dynamicswereincorporatedusingHiddenMarkov Models. HiddenMarkov modelswereap-
plied in two ways:(1) TakingGaborrepresentationsasinput,and(2) TakingSVM outputsasinput.

HMMs on Gabors: HiddenMarkov modelsweretrainedonGaborrepresentationsof theBlink andNon-
Blink sequences,usingmethodssimilar to thosein Bartlett et al. (2000). All differenceimagesin each
sequencewereconvolved with Gaborfilters at 5 spatialfrequenciesand8 orientations. Becausethe di-
mensionof the Gaboroutput is too greatfor training HMM’ s, the Gaboroutputwasfirst reducedto 100
dimensionsperimageusingPCA.Six sequencespersubject,3 blinksand3 non-blinks,wereemployedfor
generatingtheprincipalcomponenteigenvectors.PCA wasperformedfor eachof the5 spatialfrequencies
separately, which hasbeenshown to bemoreeffective for facialexpressionanalysisthanperformingPCA
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on all of theoutputstogether(Cottrell, Dailey, Padgett,& R, 2000). Thefirst 20 principalcomponentsfor
eachspatialfrequency wereretained,producinga100-dimensionalrepresentationvectorfor eachimage.

Two hiddenMarkov models,onefor Blinks andonefor NonBlinks,weretrainedandtestedusingleave-
one-outcross-validation.A mixtureof Gaussiansmodelwasassumed.Testsequenceswereassignedto the
category for which theprobabilityof thesequencegiventhemodelwasgreatest.Thenumberof stateswas
variedfrom 1-10,andthenumberof Gaussianswasvariedfrom 1-7. Bestperformanceof 95.7%correct
wasobtainedusing5 statesand3 Gaussians.

Includingthefirst derivative of theobservationsin theinput to theHMM’ s hasbeenshown to improve
recognitionperformancefor speech(Rabiner, 1989)andlipreading(Movellan, 1995). The HMM’ s were
trainedagain,this time with 200dimensionsin theinput consistingof the100Gabordimensionsandtheir
first derivative. The first derivative wasapproximatedby ��R��bU�9-Ril�R�����;�U�L�l�R���Lh;�U�U��B@ . Classifica-
tion performanceon this observation setwas89.9%using1 stateand1 Gaussian.Theslight reductionin
performancemay be dueto the large numberof parametersto be estimatedfor an HMM with 200 input
dimensions.

HMMs on SVM outputs: SVM’s werefirst trainedto discriminateblinks from non-blinksin individual
frames.A nonlinearSVM appliedto theGaborrepresentations94.3%correctgeneralizationperformance
for discriminatingblinks from non-blinkswhenusing the peakframes. The nonlinearkernelwasof the
form

��>�Y�f� where � is Euclideandistance,and � is a constant.Here ��9�� . Consistentwith our previous
findings(Littlewort-Ford,Bartlett,& Movellan,2001),Gaborfiltersmadethespacemorelinearlyseparable
thantheraw differenceimages.A linearSVM on theGaborsperformedsignificantlybetter(93.5%)thana
linearSVM applieddirectly to differenceimages(78.3%).Nevertheless,a nonlinearSVM applieddirectly
to thedifferenceimagesperformedsimilarly (95.9%)to thenonlinearSVM thattookGaborrepresentations
asinput.

Figure10 shows the time courseof SVM outputsfor Blinks andNon Blinks. The SVM outputwas
the margin (distancealongthe normal to the classpartition). All time coursesshown are“test” outputs.
TheSVM wastrainedon theother9 subjects,andtheoutputshown is that for the testsubject.A sample
distribution from a singlesubjectis shown on thetopof Figure10,anda sampledistribution from multiple
subjectsis shown on thebottom.AlthoughtheSVM wasnot trainedto measuretheamountof eyeopening,
it is anemergentproperty. Figure 11 shows theSVM trajectorywhentestedon a sequencewith multiple
peaks.

For eachexamplefrom thetestsubjectin theleave-one-outcross-validation,theoutputof theSVM was
obtainedfor thecompletesequence.This producedSVM outputsequencesfor 10 “test” subjects.HMM’ s
were then trainedand testedusing leave-one-outcrossvalidation on these“test” outputs. The HMM’ s
gave 98.1%generalizationperformancefor discriminatingblinks from non-blinks,using 5 statesand 3
Gaussians.Theseresultswereobtainedusingtheoutputsof anonlinearSVM trainedondifferenceimages.
Wearepresentlytestingwhetherperformancewill improve whentheSVM takesGaborsasinput.

TheHMM trainedon thesetrajectoriesmissedonly oneblink. Thepeakimageof themissis shown in
Figure12a. Note thatoneeye is open. In thepresentimplementation,theSVM wastrainedon botheyes
simultaneously. In futurework, theleft andright sidesof thefacecanbeprocessedseparately. An example
falsepositive is shown in Figure12b. Figure12 alsoprovidesanexampleof animagerotationwith a poor
(a) andgood(b) fit to thegeometricfacemodel.
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Figure10: a. Blink andnon-blinktrajectoriesof SVM outputsfor onesubject(Subject6). Theseareoutputs
of a nonlinearSVM trainedon differenceimages.Starindicatesthe locationof theAU peakascodedby
thehumanFACSexpert.b. Blink andnon-blinktrajectoriesof SVM outputsfor four differentsubjects.
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Figure11: SVM outputtrajectoryof ablink with multiple peaks(flutter).
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Figure12: a. A blink incorrectlyclassifiedasanon-blinkby theHMM. Theimageshown is thepeakframe.
Thestaron theSVM trajectoryindicatesthelocationof thepeakascodedby thehumanFACSexpert.b. A
non-blinkincorrectlyclassifiedasablink by theHMM. Theimageshown is the6th framein thesequence.

7.2 Brows

HMMs on Gabors: HMM’ s weretrainedon the 3-category decision(Brow Raisevs. Brow Lower vs.
Non-brow motion)takingGaborrepresentationsof thebrow imagesasinput. All differenceimagesin each
sequencewereconvolvedwith Gaborfilters at5 spatialfrequenciesand8 orientations.Dimensionalitywas
thenreducedto 100by takingthefirst 20principalcomponentsof eachspatialfrequency. ThePCA-reduced
Gaborscomprisedthe input to 3 HMM’ s, onefor eachof the threebrow categories. Bestperformanceof
80.6%wasobtainedusing2 states,2 Gaussians,andfirst derivatives. Inspectionof theconfusionmatrix,
however, revealedthatvery few imageswereclassifiedin theBrow Lower category. We thereforeadjusted
thedecisioncriteriato increasethelikelihoodthatthesystemwouldoutputBrow Lower. Thiswasperformed
by creatingbiasweightsfor thelikelihoodsof thethreemodels.Thebiasweightswerechosento maximize
theminimumaccuracy over thethreecategories.This reducedtheperformanceaccuracy over all examples
down to 70.16%.Theconfusionmatrix for theseHMM’ s is given in Table3. If theBrow Lower category
wasomitted,performanceraisedto 90.91%.

HMMs on SVM outputs: Sincethis is a 3-category taskandSVMs areoriginally designedfor binary
classificationtasks,we traineda differentSVM on eachpossiblebinarydecisiontask: Brow Raiseversus
matchedrandomsequences(A vs. C), BrowsLowerversusanothersetof matchedrandomsequences(B vs.
C), andBrow RaiseversusBrows Lower(A vs. B). Theoutputof thesethreeSVM’swasthenfed to abank
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of HMMs for classification.SVM theorycanbeextendedin variouswaysto performmulticlassdecisions
(e.g. (Lee,Lin, & Wahba,2001)). In futurework, a multiclassSVM will be includedasinput to dynamic
modelsaswell.

ThreehiddenMarkov modelsweretrained,onefor eachof the threeclasses.The input to eachHMM
consistedof threevalues: the outputsof oneSVM for eachof the three2-category decisionsdescribed
above. For A vs. C we usedthe nonlinearSVM trainedon differenceimages;For B vs. C we usedthe
nonlinearSVM trainedon Gabors;andFor A vs. B we usedthelinearSVM trainedon differenceimages.
At the time, thesewerethebestperformingSVM’s for eachtask. As before,theHMM’ s weretrainedon
the “test” outputsof the SVM’s. The HMM’ s achieved 78.2%accuracy using10 states,7 Gaussiansand
first derivatives. Inspectionof the confusionmatrix, however, revealedagainthat very few imageswere
classifiedin theBrow Lower category. With biasweights,theperformanceaccuracy over all exampleswas
66.94%.Theconfusionmatrix is given in Table2. If theBrow Lower category wasomitted,performance
raisedto 89.53%.

Automated System
Manual Coder Brow Raise Brows Lower MatchedRandomSequences
Brow Raise 39 5 4
Brow Lower 2 6 6
MatchedRandomSequences 5 19 38

Table2: Confusionmatrix for HMM trainedon SVM outputs.Overall agreement= 66.94%. Agreement
omitting Brow Lower= 89.53%.

Automated System
Manual Coder Brow Raise Brow Lower MatchedRandomSequences
Brow Raise 35 6 7
Brow Lower 0 7 7
MatchedRandomSequences 1 16 45

Table 3: Confusionmatrix for HMM trainedon PCA-reducedGabors. Overall agreement= 70.16 %.
Agreementomitting Brow Lower= 90.91%.

Brow movement trajectories: Figure13 shows exampleoutputtrajectoriesfor theSVM trainedto dis-
criminateBrow Raisefrom Non-brow motion. Trajectoriesfor an individual subjectareshown in (a) and
for multiplesubjectsin (b). Theoutputtrajectoriesfor thebrows werenoisierthanfor theblinks. Neverthe-
lessaswith theblinks,we seethatdespitenot beingtrainedto indicateAU intensity, anemergentproperty
of the SVM outputwasthe magnitudeof the brow raise. Maximum SVM outputfor eachsequencewas
positively correlatedwith actionunit intensity, asscoredby the humanFACS expert R���9¡ g�£¢ o ��R��£@ U¤9¢¥ �; o 8:9J=( ¦=C=3;�§CU . Figure13ashows an examplefalsepositive trajectory. This falsepositive wasdueto
verticalalignmenterrorresultingfrom humanerror in markingfeaturepositions.Whena differenceimage
is generated,averticalalignmenterrorwill produceanimagevery similar to oneproducedby abrow raise.

Figure14 shows sampleoutputtrajectoriesfor anSVM trainedto discriminateBrow Lower from Non-
brow motion. The outputtrajectoriesarenoisierfor Brows Lower thanfor theBrow Raisecategory. The
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Figure13: a. Brow raiseandnon-brow raisetrajectoriesof SVM outputsfor onesubject(Subject20). These
areoutputsof a nonlinearSVM trainedon differenceimages.LettersA-D indicatethe intensityof theAU
ascodedby thehumanFACSexpert,andareplacedat thepeakframe.Notethefalsepositive. b. Brow raise
andnon-brow raisetrajectoriesof SVM outputsfor four differentsubjects.
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SVM outputsarealsolesspredictive of AU intensity. Theremay have beeninsufficient datato learnthis
propertygiventheverysmallsamplesize(14sequences),relative to theamountof variability in thedatadue
to factorssuchasthepresenceof glasses,varietyof races,varietyof facialactions(4, 1+4,and9), variety
of actionintensities,andalignmenterror.
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Figure14: a. Brows loweredandnon-brow loweredtrajectoriesof SVM outputsfor four subjects.These
areoutputsof anonlinearSVM trainedonGabors.LettersA-D indicatetheintensityof theAU ascodedby
thehumanFACSexpert,andareplacedat thepeakframe.

Discriminating Brow Raisefrom Non-brow motion: A systemwasspecificallytrainedto discriminate
Brow Raisefrom Non-brow motion. HMM’ s weretrainedon the outputsof a nonlinearSVM appliedto
Gaborimages.Bestperformanceoff 90.6%correctwasobtainedwith 3 statesand1 Gaussian,andincluding
first derivativesof theobservationsequence.

Discriminating Brow Lower fr om Non-brow motion: A secondsystemwasspecificallytrainedto dis-
criminateBrow Lower from Non-brow motion. HMM’ s weretrainedon theoutputsof a nonlinearSVM
appliedto Gaborimages.Bestperformanceoff 75.0%correctwasobtainedusing1 state,4 Gaussians,and
first derivatives.

Discriminating Brow Raisefrom Brow Lower Wealsotesteda systemspecificallytrainedon discrimi-
natingBrow Raise(AU1+2)from Brow Lower (AU4). HMM’ sweretrainedon theoutputsof a linearSVM
appliedto differenceimages.Bestperformanceof 93.5%correctwasobtainedusing9 states,6 Gaussians
andfirst derivatives. Givenknowledgethata brow movementhasoccurred,it appearsto berelatively easy
to decidewhetherthemovementwasupor down.

7.3 SVM’s on 2D aligned images

In orderto evaluatethebenefit,or cost,of the3D rotation,2-D alignedimageswerealsogenerated.These
imageswererotatedin theplanesothattheeyeswerehorizontal,andthencroppedandscaledidenticallyto
the3D rotatedimages.In the2D alignedimages,theaspectratiowasadjustedsothattherewere105pixels
betweentheeyesand120pixelsfrom eyesto mouth.
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HMM
on Gabor onSVM

Blink vs. Non-blink 95.7 98.1
Brow Raisevs. MatchedRandomSequences - 90.6
Brow Lowervs. MatchedRandomSequences - 75.0
Brow Raisevs. Brow Lower - 93.5
Brow Raisevs. Lowervs. Random 70.2 66.9

Table4: Summaryof results.All performancesarefor generalizationto novel subjects.

A nonlinearSVM takingdifferenceimagesasinput obtained95.5%accuracy for detectingblinks from
non-blinks. This wasidenticalto performanceusingthe3-D rotations.For blink detectionusingSVM’s,
nothingappearsto have beengainedor lostby performing3D alignment.

Detectionperformancefor Brow Raise(A vs. C) using2D alignedimageswas83.3%.Thisperformance
wasobtainedusinga nonlinearSVM appliedto differenceimages.ThesameSVM appliedto 3D rotated
imagesperformedat 88.5%correct. The 3D rotationandwarpingsignificantlyimproved thedetectionof
brow raises.

7.4 Spatial fr equency

Thereappearedto be a rangeof spatialfrequenciesfor the Gaborfilters that gave bestperformancewith
the SVM’s. We experimentedwith setsof 5 spatialfrequenciesseparatedby 1/2 octave steps. For the
brow raises,the mostrobust performancewasobtainedusing6-24 cyclesper facewidth, wherefacewidth
is measuredtempleto temple. Performancewasthe samefor 3-12 cyclesper facewidth usingnonlinear
SVM’s, but droppedfor the linear SVM’s. Performancefor both linear and nonlinearSVM’s dropped
slightly for the lowestspatialfrequency rangeof 1.5-6cyclesper facewidth, anddroppedsignificantlyfor
the higherspatialfrequency rangeof 12-48cyclesper facewidth. For the blinks, performancepeaked at
3-12cyclesperfacewidth.

7.5 Precisionof the feature position labels

Theresultspresentedhererely on a 3D poseestimationstage,which requiredknowledgeof theposition8
facial features.As mentionedearlierthetechnologyalreadyexistsfor automaticreal-time3D poseestima-
tion, but we did not have the time to repeatthe testsusingthe automated3D poseestimator. However it
is of interestto notethat theaccuracy of thehandlabeledpointswasin factvery poorandthatwe expect
theresultsto improve with theautomated3D poseestimator. Thefeaturepositionswerelabeledby unpaid
undergraduateassistantswho waiteduntil finalsweekto do mostof their featuremarking.It is well known
in experimentalpsychologythathumandatacollectedundersuchconditionstendsto lack in reliability. We
assessedthereliability of theselabelsby carefullylabelingasampleof images.Themeandeviationbetween
thetwo setsof labelswas4 pixels,with astandarddeviationof 8.7pixels.Notethehighstandarddeviation.
Theassistantsoften failed to move themousewhentheheadmoved,resultingfor example,in eye corners
beingmarked on thesubject’s cheek.We attribute this lack of reliability to humaninattentionratherthan
humanerror, asthevariability in featurepositionswhenhumansareattendingto thetaskis certainlymuch
smaller. Basedon preliminarywork we anticipateperformanceto improve whentheautomatic3D tracker
is used.
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8 Discussion

Earlierin thisdocumentweidentifiedthefollowing issuesthatneededto beaddressedby thenext generation
of automaticFACSrecognitionsystems:(1) Thepresenceof out-of-planeheadrotations;(2) Thepresenceof
occlusionscausedby out-of-planeheadrotation,glassesandbeards;(3) Videosegmentation.In spontaneous
behavior, thefacialactionsarenot temporallysegmented,andmaynot begin with a neutralexpression;(4)
The low amplitudeof spontaneousfacial actions; (5) Coarticulationeffects betweenfacial actions,and
betweenfacialactionsandspeechrelatedmovements.

Theresultspresentedhereareanimportantsteptowardsthesolutionof theseproblems.Weshowedthat
3D trackingandwarpingfollowedby machinelearningtechniquesdirectlyappliedto thewarpedimages,is
aviableandpromisingtechnologythatmaybecapableof addressingall theseissues.Thissystememployed
generalpurposelearningmechanismsthat canbe appliedto recognitionof any actionunit. Theapproach
is parsimoniousanddoesnot requiredefininga setof differentad-hocparametersor imageoperationsfor
eachfacialaction.

Ontestsfor recognitionof somebasicfacialmovements,thissystemattained98%accuracy for detecting
blinks in novel subjects,91%accuracy for brow raises,94%accuracy for discriminatingbrow raisesfrom
loweringof thebrows, and80%accuracy for a 3-alternative decisionbetweenbrow raise,brow lower, and
randomlyselectedsequencescontainingneither.

Oneexciting aspectof theapproachpresentedhereis thefactthatimportantmeasurementsemergedout
of filters which werederived from the statisticsof images.For example,the outputof our blink detector
couldbepotentiallyusedto measuretheamountof eyelid closure,eventhoughthesystemwasnotdesigned
to explicitly detectthecontoursof theeyelid andmeasuretheclosure(Figure11).

While thedatabasewe usedwasratherlarge for currentdigital videostoragestandards,in practicethe
numberof examplesfor eachactionunit in thethedatabasewasrelatively small. This wasthemainreason
why we couldonly prototypethesystemon the3 actionunitswhichhada reasonablenumberof examples:
AU 45, for which we had172examples,AU1+2, for which we had48 examples,andAU4, for which we
had14examples.Basedonour resultsit appearsthat50examplesof anupperfaceactionmaybesufficient
for obtainingreasonablygoodrecognitionresults.Thecurrentdatabasecontained10subjectswith 1 minute
of videopersubject.Basedon thefrequency tablesof thedifferentupperfaceactionunits in this database
(SeeAppendixA), adatabase50timeslarger(500subjects,1 minutepersubject),wouldallow development
andtestingsystemsfor all theupperfaceactionunits.

Dueto timeandfundinglimitationstherearestill importantissuesthatwedid notaddressin thisproject.
In particularwe testedour systemon segmentedaction units ratherthan unsegmentedvideo sequences;
andwe testedour systemon upperfaceactionunits, thusavoiding issuesof coarticulationwith speech.
However theoutputsof thefilters developedhereappearto provide a very goodsignalthat couldbeused
for unsegmentedvideo sequences.We do not know yet how difficult it will be to addressthe effectsof
speechmovementson lower faceactionunits. This maybea problemfor which theautomaticlip-reading
community(for which visual speechis signalandexpressionsarenoise)and the expressionrecognition
community(for whichvisualspeechis noiseandexpressionsaresignal)maybefruitfully collaborate.

Webelieveall thepiecesof thepuzzlearereadyfor thedevelopmentof automatedsystemsthatrecognize
spontaneousfacial actionsat the level of detail requiredby FACS.Oneimportantlessonlearnedfrom the
speechrecognitioncommunityis theneedfor sharedandrealisticdatabases.If aneffort is madeto develop
and sharesuchdatabases,automaticFACS recognitionsystemsthat work in real time in unconstrained
environmentswill emerge from the researchcommunitywith very high certainty. Developmentof these
databasesis animportantpriority thatwill requirea joint effort from thecomputervision,machinelearning
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andpsychologycommunities.
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9 Appendix A: Action unit tables

Thefollowing tablessummarizetheactionunit frequency in theTheftdatabasefor 10subjects,ascodedby
theRutgersteam.

Brow Eye
AU 1 2 4 5 6 7 1+2 1+2+4 1+2+4+5 1+2+5 1+2+5+7

Subject
4 6 1
6 1 1
7 3 1
9 1 1 2 1 8 4 1
11 1 1
14 1 1 2 1 3 2 2
15 1 6 1 1
16 1 2
17 1 2 3 4
18 2 2 1 4 1 1

No. Subjects 1 3 2 4 4 6 8 3 2 4 1
No. Examples 1 3 2 7 5 21 18 9 3 8 1

Table5: UpperFaceActions.

AU 1+5 2+5 4+5 4+6 4+7 5+7 6+7 TotalNo. Actions
Subject
4 2 2 11
6 2
7 4
9 1 19
11 2
14 1 13
15 1 10
16 2 5
17 1 2 1 14
18 11

No. Subjects 1 1 1 1 2 2 1
No. Examples 1 1 2 1 3 4 1 92

Table6: UpperFaceActions(Cont.)
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Droop Slit Closed Squint Blink Wink
AU 41 42 43 44 45 46

Subject
4 2 4 8
6 1 2 10
7 11 5 1 29
9 5 2 40
11 3 26
14 2 4 2 12
15 1 14
16 1 10
17 3 2 3 1 8
18 3 5 4 15

# Subjects 7 9 5 1 10 0
# Examples 27 28 11 1 172 0

Table7: EyelidActions

AU 8 10 12 14 15 17 20 23 24 25 26 30 32 38
Subject
4 3 1 3 2 9
6 2 2 1 5
7 2 1 1 1
9 1 9 1 3 1 1
11 2 1 1 7 1 2
14
15 1 2 2
16 1
17 2 1 3 1 1
18 7 2 1 2

# Subjects 1 3 4 6 4 2 1 1 4 3 6 1 1 1
# Examples 1 10 16 9 6 4 1 3 6 3 26 1 1 2

Table8: LowerFaceActions: Individual
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Lower FaceActions: Combosx 2

AU 10+12 10+14 10+17 12+15 12+17 12+25 12+26 13+26
Subject
4 1 3
6
7
9 1
11
14 1 1 1
15
16 1
17
18 2 1 2

No. Subjects 1 1 1 1 1 2 2 1
No. Examples 2 1 2 1 1 2 4 1

Lower FaceActions: Combosx 2 (Cont.)

AU 14+20 14+23 14+24 15+17 15+20 17+26 19+23 19+37 26+37
Subject
4 1 1
6 1 2
7 1 1 2 1 1
9
11 1
14 1 1
15 1 1
16 1
17 1
18

No. Subjects 1 2 5 2 2 1 1 1 1
No. Examples 1 2 6 2 2 1 1 1 1
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AU 1012 26 1015 17 10 17 24 14 1524 14 1732 1420 24 1423 37
Subject
4
6 2
7 1 1 1
9
11
14
15 1
16
17 1
18 1 2 3

# Subjects 1 3 1 1 1 1 1
# Examples 1 4 3 1 1 2 1

Table9: LowerFaceActions:Combos̈ 3

Subject UpperFace LowerFace Overall
4 11 24 35
6 2 14 16
7 4 14 18
9 19 17 36
11 2 15 17
14 13 5 18
15 10 8 18
16 5 3 8
17 14 10 24
18 11 23 34

Total Examples 92 133 225

Table10: TotalNumberof Actions
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10 Appendix B: Additional Studies

In this sectionwe presentadditionalresearchanddevelopmentwhich wasdirectly relatedto this project
but was not part of the comparative testsdescribedin Section4 or usedto generatethe resultsin Sec-
tion 7. Several of thesestudieswereconductedwhile we werewaiting for the FACS codeson the Theft
databaseto be finalized, and were carried out on different imagedatabases.This sectionsummarizes
work describedin thefollowing papers.Thesepapersareavailableon request,or canbedownloadedfrom
http://mplab.ucsd.edu/tr.html.© Fasel,I.R., Bartlett,M.S., andMovellan,J.R.A Comparisonof GaborFilter Methodsfor Automatic

Detectionof FacialLandmarks.UCSDMPLabTR 2001.04,June2001.© Smith,E.A SNoW-BasedAutomaticFacialFeatureDetector. UCSDMPLabTR 2001.06,June2001.© Braathen,B., Bartlett,M.S., Littlewort-Ford, G., andMovellan,J.R.3-D headposeestimationfrom
videoby nonlinearstochasticparticlefiltering UCSDMPLabTR 2001.05,July 2000.© Littlewort-Ford, G., Bartlett, M.S., andMovellan, J.R.(2001). Are Your EyesSmiling? Detecting
GenuineSmileswith SupportVectorMachinesandGaborWavelets. Proceedingsof the 8th Joint
Symposiumon NeuralComputation.© Bartlett, M.S., Donato,G.L., Movellan, J.R., Hager, J.C., Ekman,P., and Sejnowski, T.J. (2000).
Imagerepresentationsfor facialexpressioncoding.In S.Solla,T. Leen,& K. Mueller, Eds.Advances
in NeuralInformationProcessingSystems12,Cambridge,MA: MIT Press,p. 886-892.© E. Smith,E., Bartlett,M.S. andMovellan,J.R.(2001). ComputerRecognitionof FacialActions: A
Studyof Co-ArticulationProceedingsof the8thJointSymposiumon NeuralComputation.© Tim K. MarksandJavier R. Movellan.DiffusionNetworks,Productsof Experts,andFactorAnalysis
UCSDMPLabTR 2001.02,June2001.

10.1 Automatic Feature Detection

Our facial featuredetectorsarestatisticalmodelsbasedon (Wiskott, Fellous,Krüger, & von derMalsburg,
1999)work. FirstweapplyGaborfilter banksonthedesiredfacelandmarksof asetof trainingfaceimages.
Theresponseof theGaborfilters at thedesiredlandmarksis thenstoredin a matrix array. Whendetecting
whethera pixel in a new imagecontainsa desiredfiducial point, we computetheEuclideandistancefrom
theoutputof the filter bankat that pixel to eachof the filter bankoutputsin the storedmatrix array. The
shortestEuclideandistanceto oneof thetrainingsamplesis thedegreeof responseof thefeaturedetector.
(SeeFigure15). Whenintegratedwith theposeestimationsystem,thesedistanceswill beaddedover the Q
featurepoints.Theoveralldistancerepresentsthedegreeof matchbetweentheimageandtheparticle.This
degreeof matchwill beusedby theparticlefilter in a similar manneraswe usedthesumof squarederror
whentheimagesarehand-labeled.

Ourpilot work onfacialfeaturedetectionis describedin Fasel,Bartlett,andMovellan(2001)andSmith
(2001). We used446 frontal view imagesfrom the FERETfacedatabase(Phillips, Wechsler, Juang,&
Rauss,1998) to train our featuredetectors.In our pilot experimentswe usedpupils andphiltrum asthe
featuresof interest.We employeda standardrecognitionengine(nearestneighbor)andestimatedsensitiv-
ity of our detectorsusingthe A’ statistic,a non-parametricmeasureof sensitivity commonlyusedin the
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Figure15: Theprocessof matchingfeatures.First,a featureis convolvedwith asetof kernelsto make a jet
(a). Thenthat jet is comparedwith a collectionof jets takenfrom trainingimages,andthesimilarity value
for theclosestoneis taken(b).

psychophysicalliterature.Faselet al. (2001)testeda very wide varietyof architecturesfor theGaborfilter
banksandobtainedpeakperformancefor filter bankswith eightorientationsandcarriersof 32 pixels/cycle
(about5.5 iris widthspercycle) for eyesand44 pixels/cycle (about7.5 iris widthspercycle) for philtrum.
The bestA’s were0.89 and0.87 respectively. This performanceis significantlybetterthanthat obtained
usingtheoriginalapproachdescribedin Wiskott etal. (1999).

A secondfeaturedetectordevelopedin ourlabemployedaneuralnetwork architecturebasedonaSparse
Network of Winnows (SNoW) (Smith, 2001)The choiceof algorithmwasmotivatedby the exceptional
successof a SnoW-basedfacedetector(Yang,Roth,& Ahuja,1999). SNoWfeaturedetectorobtainedA’s
of .98for boththepupil andphiltrum. A descriptionof this featuredetectoris alsoincludedin theAppendix
(Smith,2001).

10.2 Integration: Fully automated3D poseestimation usingparticle filters.

The particle filtering approachto poseestimationrequiresa measureof the degreeof matchbetweena
particle(i.e., a hypothesisaboutthe3D poseof the face)andthe image. The currentversionof our pose
estimatoremployshand-labeledfeaturepositionsfor thisdegreeof match.In thenext versionof thesystem,
thisdegreeof matchwill beobtainedfrom automaticfeaturedetectorsasfollows: Firstusingtheposemodel
hypothesizedby eachparticle,wewarptheimageinto afrontalview. Thenweapplyfeaturedetectorsto the
warpedimagesin thepositionsspecifiedby theparticle.For example,if theparticlesaysthat thereshould
be an eye on pixel 17 we apply an eye detectoron that pixel. The sumof the degreeof responseof the
differentfeaturedetectorsis thentaken asan overall measureof goodnessof fit. The approachis similar
to theoneusedby (Wiskott et al., 1999)only thatwe generalizeit to handleout-of-image-planerotations.
A strengthof this approachis thatinformationaboutfacialgeometryandthedynamicsof headmovements
constrainstheestimatesof facialfeaturepositions.
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10.3 Automatic 3D PoseTracking via optic flow

Matthew Brandhasrecentlydevelopeda real time systemfor trackingflexible objectsin 3D asthey move
and flex beforea video camera(Brand,2001). A memberof our team, is making an extendedvisit to
Matthew Brand’s laboratoryatMERL with thegoalof adaptinghisgeneralpurposeapproachto thespecific
problemof real time 3D facetracking. Theapproachworksasfollows: A 3D modelconsistingof a base
shapeandseveralmorphbasesis usedto track thefaceat a numberof points(seeFigure7). Morph bases
describeshapechangesthat occur during speech.Point locationsareprojectedonto successive pairsof
video frames,andthe surroundinglocal patchesof imagepixels areanalyzedfor flow information. This
information includesan estimateof the 2D displacementfor eachpoint alongwith measurementsof the
uncertaintyrelatedto the imagetexture associatedwith eachestimate. Thesecomprisea Gaussianpdf
describingthemotionof eachpoint from oneframeto thenext. Themaximumlikelihoodtranslationof the
modelis estimatedandremovedfrom theflow. Theremainingflow alongwith its uncertaintymeasurements
is usedto computea maximumlikelihoodestimateof the motion to be explainedby rotationandmorph
weights. This motion estimateis then factoredusing an ”orthonormaldecomposition”into estimatesof
rotationandmorphweights.Model parametersarerefinedby repeatingtheoperationusingthetranslation,
rotation,andmorphestimatesto samplefrom patchescloserto the final destinationof eachpoint in the
secondframe.A particlefiltering approachis alsounderdevelopment.

10.4 Gabor Filters and Support Vector Machines

The supportvectormachinesemployed in section7 were further analyzedfor the contribution of Gabor
filters, usinglinear, andnonlinearkernels.The four 2-category classificationtasksweretrained(Blink vs.
non-blink,Brow Raisevs. Non-brow motion,Brow Lowervs. Non-brow motion,andBrow Raisevs. Brow
Lower). SVM’s weretrainedandtestedon the peakframes,frameswhich the humancoderidentifiedas
thepeakof theactionunit. The resultsaregiven in Table11. Themain effect of theGaborfiltering step
wasto make thespacemorelinearly separable.LinearSVM’s appliedto Gaborrepresentationsperformed
significantlybetterthanlinearSVM’s appliedto differenceimageson threeof thefour classificationtasks.
Performancewasthesameonthefourth. Thesuccessof multiscaleGaborrepresentationsasapreprocessing
stepmaybeunderstoodin thecontext of kernelmethodsthathavebeendiscussedin relationto SVM’s. See
(Littlewort-Ford etal., 2001)for furtherdiscussion.

SVM
Diff Images Gabor

Linear Nonlinear Linear Nonlinear

Blink vs. Non-blink 78.3 95.9 94.8 95.9
Brow Raisevs. Non-brow 65.6 88.5 91.7 91.7
Brow Lower vs. Non-brow 64.3 67.9 75.0 82.1
Brow Raisevs. Lower 90.3 90.3 90.3 90.3

Table 11: Summaryof SVM resultstaking either differenceimagesor Gaborrepresentationsas input.
Linearandnonlinearkernelsweretested.Accuracy is for classifyingpeakframes.All performancesarefor
generalizationto novel subjects.
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10.5 Duchennevs. non-Duchennesmiles

Weinvestigatedtheproblemof computerrecognitionof ”Duchenne”vs. non-Duchennesmilesusingsupport
vector machines(Littlewort-Ford et al., 2001). This study wascarriedout on different imagedatabases
(theEkman-Hagerdatabaseof directedfacialactions,thePittsburgh databaseof posedexpressions,anda
databaseof spontaneousandposedsmilescollectedby theBBC). Duchennesmilesincludethecontraction
of the orbicularisoculi, the sphinctermusclesthat circle the eyes. In the Facial Action CodingSystem,
contractionof this muscleis codedasAU 6. Genuine,happy smilescanbe differentiatedfrom posed,or
socialsmilesby the contractionof this muscle(Ekman,Friesen,& O’Sullivan,1988). This is a difficult
visualdiscriminationtask.Previously publishedperformanceof computervision systemson this taskis in
thelow 80%’s for a two-alternative forcedchoice(e.g.(Cohnetal., 1999)).

We investigatedtheperformanceof SVM’s takingon Gaborrepresentationsasinput on this task. Ga-
bor wavelet representationshave beenfound to be highly effective for both identity recognition(Lades,
Vorbrüggen,Buhmann,Lange,Konen,von der Malsburg, & Würtz, 1993)andfacial expressionanalysis
(Donatoet al., 1999;Zhang,Lyons,Schuster, & Akamatsu,1998;Cottrell et al., 2000;Faselet al., 2001).
Asidefrom thesimilarity of Gaborsto thetransferfunctionsof visualcorticalcells,thereasonfor thesuc-
cessof thisrepresentationis unclear. Onehypothesisis thatthebankof Gaborfiltersprojectstheimagesinto
a high dimensionalspacewheretheclassesarelinearly separablein a manneranalogousto SVM kernels.
If that is thecase,thena linearclassifiershouldperformaswell asanonlinearclassifier, eachtakingGabor
representationsasinput.

This studywascarriedout usingthreeimagedatabases:TheEkman-Hagerdatabaseof directedfacial
actions,thePittsburgh databaseof posedexpressions,anda databaseof spontaneousandposedsmilescol-
lectedby the BBC. The SVMs discriminatedDuchennefrom non-Duchennesmileswith 87% accuracy,
which wassignificantlybetterthanpreviously publishedsystems.TheGaborkernelsmadethe taskmore
linearly separable,aslinearkernelsappliedto theGaborsperformedsignificantlybetterthanlinearkernels
applieddirectly to thedifferenceimages.The taskwasnot entirely linearly separablein theGaborspace,
however, aslinearkernelsperformed5-10percentagepointslower thanpolynomialor Gaussiankernelsap-
plied to theGaboroutputs.SVM’son unfiltereddifferenceimagestypically performedonly 1-3percentage
pointslower thanSVM’sonGabors,but requiredmorecomplex kernelsandamoreextensive searchfor the
right kernel.TheGaborfilters alsoappearedto minimizetheneedfor takingdifferenceimages.SVM’sap-
plieddirectly to thegraylevel images,withoutsubtractingtheneutralexpression,werenearchance,whereas
afterpassingtheimagesthroughGaborfilters,SVM’sperformedalmostaswell for thegraylevel imagesas
for thedifferenceimages.Performanceontheindividualgraylevel imageswastypically only 1-2percentage
pointslower thanperformanceon thedifferenceimages.

10.6 Handling co-articulation effects

Co-articulationeffectsis a termborrowedfrom thespeechrecognitionliterature(Rabiner& Juang,1993),
andrefersto theobservation thatphonemescanhave very differentwaveformswhenproducedin context
with otherphonemes.A relatedproblemexists in facial expressionrecognition. Facial actionscanhave
a very differentappearancewhenproducedin combinationwith otheractions.A standardsolutionto the
co-articulationproblemin speechis to extendtheunitsof analysisto includecontext. For example,instead
of developing phonememodelsone may develop triphonemodelswhich include previous and posterior
context. In ourcasewecoulddevelopmodelsfor combinationsof 2 and3 FACSunits.While thenumberof
possiblecombinationsgrowsexponentially, in speechonly asmallpercentageof suchcombinationsappears
in practice. The problemwith this approachis that the amountof dataavailable to teachcombination
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modelsdecreasesdramaticallywith thenumberof combinationsandthusthemodelsbecomelessreliable.
This is known in the statisticsliteratureas the bias/variancedilemma(Geman,Bienenstock,& Doursat,
1992).Simplemodelsthatdonot take into accountcontext tendto bemorerobust,while context-dependent
modelstendto bemoreprecise.

An approachusedin thespeechrecognitioncommunityto addressthisproblemis to combinecontext in-
dependentmodelsandcontext dependentmodels.Wewill illustratetheapproachwith anexample.Suppose
wehave10examplesof Action unit 1 in isolation(AU1), 10examplesof AU2 in isolation,and10examples
of AU1+AU2 (a combinationof AU1 andAU2). First we createtwo “context independent”models,one
trainedwith the20 examplesof AU1 (aloneandin AU1+AU2) andanotheronetrainedwith the20 exam-
plesof AU2. Second,wecreate3 “context dependent”models,eachof whichuse10examples.Thecontext
independentmodelswill in generalbemorerobustbut lessprecise,while thecontext dependentHMMs will
be moreprecisebut lessrobust. Finally the two setsof modelsarecombinedby interpolation: If ª«F andª � arehe parametersof the context independentandcontext dependentmodelsfor AU1, the interpolated
modelwouldhave parameters¬ª®�:R';�L}¬U�R';sL¯ª�U . Thevalueof ¬ is setusingavalidationsetto maximize
generalizationperformance.

This techniquehasbeensuccessfullyappliedto severalproblemsin speechrecognitionusingHMM’ s
(Rabiner& Juang,1993). Interpolationmodelswerefound to be effective whenthereis insufficient data
to reliably train modelsfor all possiblecombinationsof phonemes.A similar situationoccursin facial
expression,wherethereis insufficientdatato trainall possiblecombinationsof the46facialactionsdefined
in FACS.

Smith,Bartlett,andMovellan(2001)presentsa neuralnetwork analogof theinterpolationmodelsdis-
cussedin thespeechrecognitioncommunity. Thisnetwork wasappliedto theproblemof recognizingfacial
actioncombinationsin theupperface.Thisstudywascarriedout usingtwo imagedatabases:TheEkman-
Hagerdatabaseof directedfacial actionsandthe Pittsburgh databaseof posedexpressions.The network
demonstratedrobust recognitionfor the six upperfacial actions,whetherthey occurredindividually or in
combination.Meanrecognitionaccuracy over thesix actionunitswas98%.This figureis thedetectionac-
curacy for eachfacialactionregardlessof whetherit occurredindividually or in combination.A secondway
to evaluateperformanceis to measurethejoint accuracy for all six actionunits.Hereall six outputsmustbe
correctin orderfor thenetwork outputto bescoredascorrect.Thejoint accuracy was93%.Similar results
wereobtainedby Jeff Cohn’s groupusingadifferentform of input representation(Tian etal., 2001).These
resultsshow thatneuralnetworksmayprovide a reasonableapproachto handlingcoarticulationeffectsin
automaticrecognitionof facialactions.

10.7 Incorporating facial dynamicswith HMM’ s.

We appliedhiddenMarkov modelsto the task of recognizing6 upperand 6 lower facial actionsin the
Ekman-Hagerdatabaseof directedfacialactions.HMM performancewascomparedtakingPCA,ICA, and
PCA-reducedGaborrepresentationsasinput. Thisstudyis describedin (Bartlettetal., 2000).

HiddenMarkov modelswere trainedon 80 sequencesof 12 directedfacial actionsperformedby 20
subjects. The input to the HMM consistedof the principal component(PCA), independentcomponent
(ICA), or Gaborrepresentationof eachframe.Onemodelwastrainedfor eachfacialaction.Testsequences
wereclassifiedby calculatingtheprobabilityof thetestsequencegiveneachmodelandassigningtheclass
label for which this conditionalprobabilitywasgreatest.TheGaborrepresentationcontained1600outputs
for eachimage. Becauseestimatingthe parametersfor hiddenMarkov modelsbecomesintractablewith
large numbersof observations,theGaborrepresentationwasreducedto 75 dimensionsusingPCA before
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training theHMM. ThePCA andICA representationswereidenticalto thosein our previously published
work, with 75 ICA dimensionsand30PCA dimensions.

Thenumberof statesin theHMM wasvariedfrom 1-5,andbestperformancewasobtainedwith a3-state
model. Classificationperformancewith the HMM wascomparedto theclassifierusedfor our previously
publishedresults:nearestneighbor. TheHMM improvedclassificationperformancewith ICA from 95.5%
to 96.3%,andgavesimilarpercentimprovementsto thePCAandPCA-reducedGaborrepresentationsover
their nearestneighborperformances.Thusa recognitionenginethat is sensitive to the dynamicsof facial
expressionsimprovedclassificationperformanceover a staticclassifierfor all threerepresentations.In ad-
dition, thedynamicrecognitionenginedid notalterourpreviousfindingsaboutwhich imagerepresentation
techniquesweremosteffective for expressionanalysis.Performanceimprovedfor all threerepresentations
by employing the HMM, but the relative orderof performancesremainedthe same.The ICA andGabor
representationscontinuedto outperformeigenfaces,andperformedequallywell to eachother.

The dynamicsin the directedfacial action databasewere limited becausethe sequenceswere time-
warpedby handprior to digitization. Eachsequencecontainedseven framesbeginning with a neutral
expressionandendingwith a high-intensityfacial action. The intervening frameswerehand-selectedto
containtwo low, two medium,andtwo high intensitysamplesof theaction.Therewaslittle differencebe-
tweentheperformanceof aone-stateHMM andmulti-stateHMM’ s,suggestingthatthecontribution of the
dynamicsto recognitionwaslimited. This maybedueto themanualtime-warpingof theimagesequences
in thisdatabase.Thenext stepin this work is to applythesemethodsto thedatabasesof spontaneousfacial
behavior provided by this project. This databasehasnot beentime-warped,andbecausethe behavior is
spontaneous,thefacialmovementsmaybefasterandsmootherthanthedirectedfacialactionsusedin the
previousstudy.

10.8 Handling occlusionsusingproductsof experts

An issuethatarisesin theimagerepresentationstepis thatfacescontainingout-of-planeheadrotationsoften
have missingdata.Portionsof thefaceareoccludedwhenthefacerotatesaway from a frontal view. Some
imagesin theTheftdatabaseusedin thisprojectalsocontainocclusionsfrom handsin front of theface.For
theresultspresentedin Section7, suchmissingvaluedwereleft untreated.However, werecentlydeveloped
an approachto themissingdataproblemin which themissingregionsareestimatedfrom thestatisticsof
thevisible regions.Thetechniquereconstructsmissingportionsof theimageusingproductsof expertsand
is describedin (Marks& Movellan,2001).

Hinton (Hinton, in press)recentlyproposeda learningalgorithm for a classof probabilisticmodels
calledproductof experts.Whereasin standardmixturemodelsthe“beliefs” of individual expertsareaver-
aged,in productsof expertsthe“beliefs” aremultiplied togetherandthenrenormalized.Oneadvantageof
this approachis that thecombinedbeliefscanbe muchsharperthanthe individual beliefsof eachexpert,
potentiallyavoiding theproblemsof standardmixturemodelswhenappliedto high dimensionalproblems.
It hasbeenshown that a restrictedversionof the Boltzmannmachine,in which thereareno lateralcon-
nectionsbetweenhiddenunitsor betweenobservationunits,performsproductsof experts.Thepaperin the
Appendixby MarksandMovellan(2001)generalizestheseresultsto diffusionnetworks,acontinuous-time,
continuous-stateversionof theBoltzmannmachine.Diffusionnetworksmaybebettersuitedto continuous
datasuchasimagesor soundsthanBoltzmannmachineswhichusebinary-stateunits.

In feedbackmodelssuchasdiffusionnetworks,onecansolve inferenceproblemssuchaspatterncom-
pletionfor occludedimagesusingthesamearchitectureandalgorithmthatareusedfor estimatinggenerative
models.Givenanimagewith known valuesl � , reconstructingthevaluesof theoccludedunits l�° , involves
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finding theposteriordistribution 8%Ril ° agl � 9?± � U . Thefeedbackarchitectureof diffusionnetworksprovides
a naturalway to find sucha posteriordistribution: clamptheknown observableunitsto thevaluesl � , and
let thenetwork settleto equilibrium. Theequilibriumdistribution of thenetwork will thenbetheposterior
distribution 8%Ril�°�agl � 9�± � U . Whentheunit activationfunctionsarelinear, thisproductof expertarchitecture
is equivalentto a factoranalyzer. Thepatterncompletionis relatedto thatobtainedusingPCA. Most im-
portantly, diffusionnetworkscanalsobedefinedwith nonlinearactivationfunctions(Movellan,Mineiro, &
Williams, in press),which leadsto nonlineargeneralizationsof factoranalysis.We have begun exploring
nonlinearextensionsof thelinearcaseoutlinedin MarksandMovellan(2001).
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