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Abstract

We presenbngoingwork on aprojectfor automatiaecognitionof spon-
taneousfacial actions. Spontaneou$acial expressiondiffer substan-
tially from posedexpressionssimilar to how continuous,spontaneous
speechdiffers from isolatedwords producedon command. Previous
methodsfor automaticfacial expressionrecognitionassumedmages
were collectedin controlledernvironmentsin which the subjectsdelib-
eratelyfacedthe camera. Since peopleoften nod or turn their heads,
automaticrecognitionof spontaneou$acial behaior requiresmethods
for handlingout-of-image-planéeadrotations.Herewe explore anap-
proachbasedon 3-D warpingof imagesinto canonicalviews. We eval-
uatedthe performanceof the approachasa front-endfor a spontaneous
expressiorrecognitionsystenmusingsupportvectormachinesandhidden
Markov models.This systememployed generalpurposdearningmech-
anismsthat canbe appliedto recognitionof ary facial movement. The
systemwas testedfor recognitionof a setof facial actionsdefinedby
the Facial Action Coding System(FACS). We shaved that 3D tracking
andwarpingfollowedby machindearningtechniqueslirectly appliedto
the warpedimages,is a viable and promisingtechnologyfor automatic
facial expressiorrecognition. One exciting aspeciof the approactpre-
sentedhereis thatinformationaboutmovementdynamicsemegedout
of filters which werederivedfrom the statisticsof images.

1 Introduction

Much of the early work on computervision appliedto facial expressiondocusedon rec-
ognizinga few prototypicalexpression®f emotionproducedon commande.g. "smile”).
Theseexampleswerecollectedundercontrolledimagingconditionswith subjectdeliber
atelyfacingthecameraExtendingthesesystemgo spontaneoufacialbehaior is acritical
stepforwardfor applicationsof this technology Spontaneoutacialexpressiongliffer sub-
stantiallyfrom posedexpressionssimilar to how continuous spontaneouspeechdiffers
from isolatedwords producedon command. Spontaneou$acial expressionsare medi-
atedby a distinct neuralpathway from posedexpressions.The pyramidal motor system,
originatingin the cortical motor strip, drivesvoluntaryfacialactions whereasnvoluntary,
emotionalfacial expressionsappearo originatein a subcorticalmotor circuit involving



the basalganglia,limbic system,andthe cingulatemotor area(e.g. [15]). Psychophysi-
calwork hasshavn thatspontaneoufacial expressiongiffer from posedexpressionsn a
numberof ways[6]. Subjectsoften contractdifferentfacial muscleswhenaskedto pose
anemotionsuchasfearversuswhenthey areactuallyexperiencingfear. (SeeFigurelb.)
In addition,the dynamicsaredifferent. Spontaneousxpressionshave a fastand smooth
onset,with apex coordination,in which musclecontractionsn differentpartsof the face
peakatthe sametime. In posedexpressionsthe onsettendsto be slow andjerky, andthe
musclecontractiongypically do not peaksimultaneously

Spontaneougacial expressionoften containmuchinformationbeyondwhatis corveyed
by basicemotioncateyories,suchashapyy, sad,or surprised.Facescorvey signsof cog-
nitive statesuchasinterest,boredomandconfusion corversationakignals,andblendsof

two or more emotions. Insteadof classifyingexpressionsnto a few basicemotioncate-
gories,the work presentechereattemptsto measurehe full rangeof facial behaior by

recognizingfacial animationunits that comprisefacial expressions.The systemis based
ontheFacial Action CodingSystem(FACS)[7].

FACS|[7] is the leadingmethodfor measuringacial movementin behaioral science. It
is a humanjudgmentsystemthatis presentlyperformedwithout aid from computervi-
sion. In FACS, humancodersdecomposdacial expressionsnto actionunits (AUs) that
roughly correspondo independenimusclemovementsn the face(seeFigurel). Ekman
and Friesendescribed46 independenfacial movements,or "facial actions” (Figure 1).
Thesefacial actionsareanalogougo phonemedor facial expression.Over 7000distinct
combination®f suchmovementshave beenobsenedin spontaneoubehaior.
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Figurel: TheFacial Action CodingSystendecomposefacialexpressionsnto component
actions.Thethreeindividual brow regionactionsandselectedcombinationareillustrated.

When subjectsposefear they often perform 1+2 (top right), whereasspontaneougear

reliably elicits 1+2+4(bottomright) [6].

Advantagef FACSinclude (1) Objectiity. It doesnot apply interpretive labelsto ex-

pressiongut rathera descriptionof physicalchangesn the face. This enablesstudiesof

new relationshipsbetweenfacial movementand internal state,suchasthe facial signals
of stressor fatigue. (2) Comprehensieness.FACS codesfor all independenmotionsof

thefaceobsenedby behaioral psychologistover 20 yearsof study (3) Rohustlink with

groundtruth. Thereis over 20 yearsof behaioral dataon therelationshipdetweenFACS
movementparametersindunderlyingemotionalor cognitive states.Automatedfacial ac-
tion codingwould be effective for human-computeinteractiontools andlow bandwidth
facial animationcoding, and would have a tremendousmpacton behaioral scienceby
makingobjective measuremennoreaccessible.

Therehasbeenan emegenceof groupsthat analyzefacial expressinginto elementary
movements. For example, Essaand Pentland[8] and Yacooband Davis [16] proposed
methodgo analyzeexpressionsnto elementarymovementsusingan animationstyle cod-
ing systeminspiredby FACS. Eric Petajans group hasalso worked for mary yearson



methoddor automaticcodingof facialexpressionsn the styleof MPEGA4([5], which codes
movementof a setof facial featurepoints. While coding standarddike MPEG4areuse-
ful for animatingfacial avatars,they are of limited usefor behaioral researctsince,for

example,MPEG4 doesnot encodesomebehaiorally relevantfacial movementssuchas
themusclethatcirclestheeye (theorbicularisoculi, which differentiatespontaneousom

posedsmiles[6]). It alsodoesnot encodethe wrinklesandbulgesthatarecritical for dis-

tinguishingsomefacial muscleactivationsthat are difficult to differentiateusing motion

aloneyet canhave differentbehaioral implications(e.g. seeFigure1b.) Oneothergroup
hasfocusedon automaticFACS recognitionasatool for behaioral researchleadby Jef

CohnandTakeo Kanade.They presentan alternatve approactbasedon traditionalcom-
putervision techniquesincluding edgedetectionand optic flow. A comparatie analysis
of ourapproachess availablein [1, 4, 10].

2 Factorizing rigid head motion from nonrigid facial deformations

The mostdifficult technicalchallengethat camewith spontaneoubehaior wasthe pres-
enceof out-of-planerotationsdue to the fact that peopleoften nod or turn their headas
they communicatevith others.Our approacho expressiorrecognitionis basedon statis-
tical methodsapplieddirectly to filter bankimagerepresentationd//hile in principle such
methodanaybeableto learntheinvariancesinderlyingout-of-planerotations theamount
of dataneededo learnsuchinvariancess likely to be impractical. Instead we addressed
this issueby meansof deformable3D facemodels. We fit 3D facemodelsto the image
plane texturethosemodelsusingthe originalimageframe,thenrotatethe modelto frontal
views, warpit to a canonicafacegeometryandthenrenderthemodelbackinto theimage
plane.(SeeFigures2,3,4). This allowed usto factoroutimagevariationdueto rigid head
rotationsfrom variationsdueto nonrigidfacedeformationsTherigid transformationsvere
encodedyy therotationandtranslationparametersf the 3D model. Theseparameterare
retainedfor analysisof therelationof rigid headdynamicgo emotionalandcognitive state.

Sinceour goal wasto explore the useof 3D modelsto handleout-of-planerotationsfor
expressiorrecognition,we first testedthe systemusinghand-labelingo give the position
of 8 faciallandmarks. Howeverthe approactcanbe generalizedn a straightforvardand
principled mannerto work with automatic3D trackers, which we are presentlydevelop-

ing [9].

! Although humanlabelingcanbe highly precise the labelsemplo/ed herehadsubstantiakrror
dueto inattentionwhenthe facemoved. Meandeviation betweentwo labelerswas4 pixels £8.7.
Henceit mayberealisticto supposehatafully automaticheadposetracker mayachieve atleastthis
level of accurag.

" Object Geometry
Object Rotation

Object position

b.

Figure2: Headposeestimation.a. First camergparameterandfacegeometryarejointly
estimatedusinganiterative leastsquaredechniqueb. Next headposeis estimatedn each
frameusingstochastigarticlefiltering. Eachparticleis aheadmodelata particularorien-
tationandscale.



Whenlandmarkpositionsin theimageplaneareknown, theproblemof 3D poseestimation
is relatively easyto solve. We begin with a canonicalwire-meshfacemodelandadaptit to

thefaceof a particularindividual by using30imageframesin which 8 facialfeatureshave

beenlabeledby hand. Using aniterative leastsquaregriangulationtechnique we jointly

estimatecamergparameterandthe 3D coordinatef these8 features.A scattereddata
interpolationtechniqueis thenusedto modify the canonical3D facemodelsothatit fits

the 8 featurepositions[14]. Oncecameraparameterand 3D facegeometryareknown,

we usea stochastigarticlefiltering approach11] to estimatehe mostlikely rotationand
translationparametersf the 3D facemodelin eachvideoframe. (See[2]).

3 Action unit recognition

Database of spontaneous facial expressions. We employed a datasetof spontaneous
facialexpressiongrom freelybehaingindividuals. Thedatasetonsistedf 300Gigabytes
of 640x 480colorimages8 bits perpixels,60fieldspersecond?:linterlaced.Thevideo
sequencesontainedout of planeheadrotationup to 75 degrees.Therewere 17 subjects:
3 Asian, 3 African American,and11 CaucasiansThreesubjectavore glassesThefacial
behaiorsin oneminuteof videopersubjectwerescoredrameby frameby 2 teamsexperts
onthe FACSsystempneleadby Mark Frankat Rutgersandanotheldeadby Jefrey Cohn
atU. Pittshurgh.

While the databaseve usedwas ratherlarge for currentdigital video storagestandards,
in practicethe numberof spontaneousxamplesof eachactionunit in the databasavas
relatively small. Hence we prototypedthe systemon the threeactionswhich hadthe most
examples:Blinks (AU 45 in the FACS system)or which we used168 examplesprovided
by 10 subjects,Brow raises(AU 1+2) for which we had 48 total examplesprovided by
12 subjectsand Brow lower (AU 4) for which we had 14 total examplesprovided by 12
subjects.Negative examplesfor eachcategory consistedof randomlyselectedsequences
matchedy subjectandsequencéength. Thesehreefacialactionshave relevanceto appli-
cationssuchasmonitoringof alertnessanxiety andconfusion.The systempresentedhere
employs generalpurposelearningmechanismshat canbe appliedto recognitionof ary
facial actiononcesufiicient training datais available. Thereis no needto developspecial
purposeeaturemeasureso recognizeadditionalfacialactions.
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Figure3: Flow diagramof recognitionsystem.First, headposeis estimatedandimages
are warpedto frontal views and canonicalfacegeometry The warpedimagesare then
passedhrougha bankof Gaborfilters. SVM's arethentrainedto classifyfacial actions
from the Gaborrepresentatioin individual video frames. The outputtrajectoriesof the
SVM’sfor full videosequencearethenchanneledo hiddenMarkov models.



Recognition system. An overview of the recognitionsystemis illustratedin Figure 3.
Headposewasestimatedn the video sequencessinga particlefilter with 100 particles.
Faceimageswerethenwarpedontoafacemodelwith canonicafacegeometryrotatedto
frontal, andthenprojectedbackinto the imageplane. This alignmentwas usedto define
andcropasubregjionof thefaceimagecontainingthe eyesandbrows. Theverticalposition
of the eyeswas0.67 of the window height. Therewere 105 pixels betweerthe eyesand
120 pixelsfrom eyesto mouth. Pixel brightnessesverelinearly rescaledo [0,255]. Soft
histogramequalizatiorwasthenperformedon theimagegray-levelsby applyinga logistic
filter with parameterchosento matchthe meanand varianceof the gray-levelsin the
neutralframe[13].

The resultingimageswere then corvolvedwith a bankof Gaborkernelsat 5 spatialfre-

guenciesand 8 orientations.Outputmagnitudesvere normalizedto unit lengthandthen
downsampledy afactorof 4. The Gaborrepresentationgierethenchanneledo a bank
of supportvectormachineSVM's). NonlinearSVM's weretrainedto recognizefacial

actionsin individual video frames. The training sampledfor the SVM’s were the action

peaksasidentified by the FACS experts,and negative exampleswere randomlyselected
framesmatchedby subject. Generalizatiorto novel subjectswastestedusing leave-one-
out cross-alidation. The SVM outputwasthe mamgin (distancealongthe normalto the

classpartition). Trajectoriesof SVM outputsfor the full video sequencef testsubjects
werethenchanneledo hiddenMarkov modelsHMM’ s). TheHMM’ sweretrainedto clas-

sify facialactionswithout usinginformationaboutwhich framecontainedheactionpeak.
Generalizatiorio novel subjectavasagaintestedusingleave-one-outross-alidation.

UCSD FACS Recognition System: Frame 128

Figure4: Userinterfacefor the FACS recognitionsystem. The faceon the bottomright
is an original frame from the dataset. Top right: Estimateof headpose. Centerimage:
Warpedto frontal view and conicalgeometry The curve shows the outputof the blink
detectorfor thevideosequenceThis frameis in therelaxationphaseof a blink.

4 Results

Classifying individual frames with SVM’s. SVM'’s werefirst trainedto discriminate
imagescontainingthe peakof blink sequencefom randomlyselectedmagescontaining
no blinks. A nonlinearSVM appliedto the Gaborrepresentationsbtainedd5.9%correct
for discriminatingblinks from non-blinksfor the peakframes.The nonlinearkernelwasof
theform ﬁ whered is Euclideandistanceandk is aconstantHerek = 4.

Recovering FACSdynamics. Figure5ashawvsthetime courseof SVM outputsfor com-
plete sequencesf blinks. Althoughthe SVM wasnot trainedto measurghe amountof
eye opening,it is anemegentproperty In all time courseshawvn, the SVM outputsare
testoutputs(the SVM wasnot trainedon the subjectshavn). Figure 5b shavs the SVM
trajectorywhentestedon a sequencevith multiple peaks. The SVM outputsprovide in-



formationaboutFACS dynamicsthatwas previously unavailableby humancodingdueto

time constraints.Currentcoding methodsprovide only the beginning andend of the ac-
tion, alongwith thelocationandmagnitudeof the actionunit peak.Thisinformationabout
dynamicsamaybe usefulfor future behaioral studies.
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Figure5: a. Blink trajectoriesof SVM outputsfor four differentsubjects.Starindicates
thelocationof the AU peakascodedby thehumanFACSexpert.b. SVM outputtrajectory
for ablink with multiple peaks(flutter). c. Brow raisetrajectorief SVM outputsfor one
subject.LettersA-D indicatetheintensityof the AU ascodedby the humanFACS expert,
andareplacedat the peakframe.

HMM'’ sweretrainedto classifyactionunitsfrom thetrajectoriesof SVM outputs. HMM' s
addressethecasean whichtheframecontainingtheactionunit peakis unknovn. Two hid-
denMarkov models,onefor Blinks andonefor randomsequencematchedy subjectand
length, weretrainedandtestedusing leave-one-outcross-alidation. A mixture of Gaus-
siansmodelwasemplojed. Testsequencesvere assignedo the cateyory for which the
probability of the sequencgiventhe modelwasgreatestThe numberof statesvasvaried
from 1-10, andthe numberof Gaussiammixtureswasvariedfrom 1-7. Bestperformance
of 98.2%correctwasobtainedusing6 statesand7 Gaussians.

Brow movement discrimination. Thegoalwasto discriminatethreeactionunitslocal-
izedaroundtheeyebrows. Sincethisis a 3-catgjorytaskandSVMs areoriginally designed
for binaryclassificatiortaskswe traineda differentSVM on eachpossiblebinarydecision
task: Brow Raise(AU 1+2)versusmatchedandomsequence®Brow Lower (AU 4) versus
anothersetof matchedandomsequencesandBrow RaiseversusBrow Lower. Theoutput
of thesethreeSVM'’'s wasthenfed to anHMM for classification.The input to the HMM
consistedf threevalueswhichwerethe outputsof eachof thethree2-cateyory SVM’s. As
for the blinks, the HMM' s weretrainedon the “test” outputsof the SVM’s. TheHMM'’ s
achiered78.2%accurag using10 states Gaussianandincludingthefirst derivativesof
the obsenationsequencén theinput. SeparatédMM’ s werealsotrainedto performeach
of the 2-catgory brov movementdiscriminationsin imagesequencesTheseresultsare
summarizedn Tablel.

Figure 5¢ shavs example outputtrajectoriesfor the SVM trainedto discriminateBrow
Raisefrom RandommatchedsequencesAs with the blinks, we seethatdespitenot being
trainedto indicate AU intensity anemegentpropertyof the SVM outputwasthe magni-
tudeof thebrow raise.Maximum SVM outputfor eachsequencavaspositively correlated
with actionunit intensity asscoredby the humanFACSexpert(r = .43,t(42) = 3.1,p =
0.0017).

The contribution of Gaborswas examinedby comparinglinear andnonlinearSVM's ap-
plied directly to the differenceimagesversusto Gaboroutputs. Consistentwith our pre-
viousfindings[12], Gaborfilters madethe spacamorelinearly separablehanthe raw dif-
ferenceimages.For blink detectiona linear SVM on the Gaborsperformedsignificantly
better(93.5%)thana linear SVM applieddirectly to differenceimages(78.3%). Using
a nonlinearSVM with differenceimagesimproved performancesubstantiallyto 95.9%,
whereaghe nonlinearSVM on Gaborsgave only a smallincrementin performancealso



Action % Correct | N
(HMM)

Blink vs. Non-blink 98.2 168

Brow Raisevs. Random 90.6 48

Brow Lowervs. Random 75.0 14

Brow Raisevs. Brow Lower 93.5 31

Brow Raisevs. Lowervs. Random 78.2 62

Table1: Summaryof results. All performancesre for generalizatiorto novel subjects.
Random:Randomsequencematchedby subjectandlength. N: Total numberof positive
(andalsonegative) examples.

to 95.9%. A similar patternwasobtainedfor the brow movementsgxceptthat nonlinear
SVMs applieddirectly to differenceimagesdid not performaswell asnonlinearSVM's
appliedto Gabors.The detailsof this analysis,andalsoananalysisof the contribution of
SVM’sto systemperformanceareavailablein [1].

5 Conclusions

We exploredanapproacHhor handlingout-of-planeheadrotationsin automatiaecognition
of spontaneoufacialexpressiongrom freely behaving individuals. TheapproacHits a3D

modelof thefaceandrotatest backto acanonicabose(e.qg.,frontal view). We foundthat

machindearningtechniquespplieddirectlyto thewarpedimagess apromisingapproach
for automaticcodingof spontaneoufacialexpressions.

This approactemployed generalpurposdearningmechanismshat canbe appliedto the
recognitionof ary facialaction. The approachs parsimoniousanddoesnot requiredefin-
ing a differentsetof featureparametersr imageoperationdor eachfacialaction. While
the databaseve usedwasratherlarge for currentdigital video storagestandardsin prac-
tice the numberof spontaneousxamplesof eachactionunit in thedatabasevasrelatively
small. We thereforeprototypedthe systemon the threeactionswhich hadthe mostexam-
ples.Inspectionof the performancef our systemshavsthat14 exampleswassufiicientto
successfullyearnanaction,anorderof 50 exampleswvassufficientto achieve performance
over 90%, andanorderof 150 exampleswassuficientto achieve over 98% accuray and
learnsmoothtrajectories.Basedon theseresults,we estimatethat a databasef 250 min-
utesof coded,spontaneoudehaior would be suficient to train the systemon the vast
majority of facialactions.

Oneexciting finding is the obsenationthatimportantmeasurementsmegedout of filters

derivedfrom thestatisticoof theimages For example theoutputof the SVM filter matched
to the blink detectorcould be potentiallyusedto measurehe dynamicsof eyelid closure,
eventhoughthe systemwasnot designedo explicitly detectthe contoursof the eyelid and

measurghe closure.(SeeFigure5.)

Theresultspresentedhereemployed hand-labeledeaturepointsfor the headposetrack-

ing step. We are presentlydevelopinga fully automatecheadposetracker thatintegrates
particlefiltering with a systemdevelopedby Matthev Brandfor automaticreal-time 3D

trackingbasedn optic flow [3].

All of the piecesof the puzzlearereadyfor the developmentof automatedsystemghat
recognizespontaneoufacial actionsat thelevel of detailrequiredby FACS. Collectionof
amuchlarger, realisticdatabasé¢o be sharedby the researcicommunityis a critical next
step.
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