
Automatic Analysisof SpontaneousFacial Behavior:
A Final Project Report

Marian S.Bartlett
�
, Bjor n Braathen

�
, GwenLittlew ort-Ford

�
, John Hershey

�
, Ian Fasel

�
,

Tim Marks
�
, Evan Smith

�
, TerrenceJ. Sejnowski

��� ��� �
, & Javier R. Movellan

��� �
�
Institute for Neural Computation�
Department of CognitiveScience

University of California, SanDiego�
The Salk Institute and Howard HughesMedical Institute

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 �����
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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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