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Abstract

Wepresentongoingwork onaprojectfor automaticrecognitionof spon-
taneousfacial actions. Spontaneousfacial expressionsdiffer substan-
tially from posedexpressions,similar to how continuous,spontaneous
speechdiffers from isolatedwords producedon command. Previous
methodsfor automaticfacial expressionrecognitionassumedimages
werecollectedin controlledenvironmentsin which the subjectsdelib-
eratelyfacedthe camera. Sincepeopleoften nod or turn their heads,
automaticrecognitionof spontaneousfacial behavior requiresmethods
for handlingout-of-image-planeheadrotations.Herewe exploreanap-
proachbasedon 3-D warpingof imagesinto canonicalviews. We eval-
uatedtheperformanceof theapproachasa front-endfor a spontaneous
expressionrecognitionsystemusingsupportvectormachinesandhidden
Markov models.This systememployedgeneralpurposelearningmech-
anismsthat canbe appliedto recognitionof any facialmovement.The
systemwas testedfor recognitionof a setof facial actionsdefinedby
the FacialAction CodingSystem(FACS).We showed that3D tracking
andwarpingfollowedby machinelearningtechniquesdirectlyappliedto
the warpedimages,is a viableandpromisingtechnologyfor automatic
facial expressionrecognition.Oneexciting aspectof the approachpre-
sentedhereis that informationaboutmovementdynamicsemergedout
of filters whichwerederivedfrom thestatisticsof images.

1 Introduction

Much of the earlywork on computervision appliedto facialexpressionsfocusedon rec-
ognizinga few prototypicalexpressionsof emotionproducedon command(e.g. ”smile”).
Theseexampleswerecollectedundercontrolledimagingconditionswith subjectsdeliber-
atelyfacingthecamera.Extendingthesesystemsto spontaneousfacialbehavior is acritical
stepforwardfor applicationsof this technology. Spontaneousfacialexpressionsdiffer sub-
stantiallyfrom posedexpressions,similar to how continuous,spontaneousspeechdiffers
from isolatedwords producedon command. Spontaneousfacial expressionsare medi-
atedby a distinct neuralpathway from posedexpressions.The pyramidalmotor system,
originatingin thecorticalmotorstrip,drivesvoluntaryfacialactions,whereasinvoluntary,
emotionalfacial expressionsappearto originatein a subcorticalmotor circuit involving



the basalganglia,limbic system,andthe cingulatemotor area(e.g. [15]). Psychophysi-
cal work hasshown thatspontaneousfacialexpressionsdiffer from posedexpressionsin a
numberof ways[6]. Subjectsoftencontractdifferentfacialmuscleswhenasked to pose
anemotionsuchasfearversuswhenthey areactuallyexperiencingfear. (SeeFigure1b.)
In addition,the dynamicsaredifferent. Spontaneousexpressionshave a fastandsmooth
onset,with apex coordination,in which musclecontractionsin differentpartsof the face
peakat thesametime. In posedexpressions,theonsettendsto beslow andjerky, andthe
musclecontractionstypically do notpeaksimultaneously.

Spontaneousfacialexpressionsoftencontainmuchinformationbeyondwhat is conveyed
by basicemotioncategories,suchashappy, sad,or surprised.Facesconvey signsof cog-
nitivestatesuchasinterest,boredom,andconfusion,conversationalsignals,andblendsof
two or moreemotions.Insteadof classifyingexpressionsinto a few basicemotioncate-
gories,the work presentedhereattemptsto measurethe full rangeof facial behavior by
recognizingfacial animationunits that comprisefacial expressions.The systemis based
on theFacialAction CodingSystem(FACS)[7].

FACS [7] is the leadingmethodfor measuringfacialmovementin behavioral science.It
is a humanjudgmentsystemthat is presentlyperformedwithout aid from computervi-
sion. In FACS,humancodersdecomposefacial expressionsinto actionunits (AUs) that
roughlycorrespondto independentmusclemovementsin the face(seeFigure1). Ekman
and Friesendescribed46 independentfacial movements,or ”f acial actions” (Figure 1).
Thesefacial actionsareanalogousto phonemesfor facial expression.Over 7000distinct
combinationsof suchmovementshavebeenobservedin spontaneousbehavior.
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Figure1: TheFacialAction CodingSystemdecomposesfacialexpressionsinto component
actions.Thethreeindividualbrow regionactionsandselectedcombinationsareillustrated.
When subjectsposefear they often perform 1+2 (top right), whereasspontaneousfear
reliablyelicits1+2+4(bottomright) [6].

Advantagesof FACS include(1) Objectivity. It doesnot apply interpretive labelsto ex-
pressionsbut rathera descriptionof physicalchangesin the face.This enablesstudiesof
new relationshipsbetweenfacial movementand internalstate,suchas the facial signals
of stressor fatigue. (2) Comprehensiveness.FACS codesfor all independentmotionsof
thefaceobservedby behavioral psychologistsover20 yearsof study. (3) Robustlink with
groundtruth. Thereis over20 yearsof behavioral dataon therelationshipsbetweenFACS
movementparametersandunderlyingemotionalor cognitive states.Automatedfacialac-
tion codingwould be effective for human-computerinteractiontools andlow bandwidth
facial animationcoding,andwould have a tremendousimpacton behavioral scienceby
makingobjectivemeasurementmoreaccessible.

Therehasbeenan emergenceof groupsthat analyzefacial expressinginto elementary
movements. For example,Essaand Pentland[8] andYacooband Davis [16] proposed
methodsto analyzeexpressionsinto elementarymovementsusingananimationstylecod-
ing systeminspiredby FACS. Eric Petajan’s group hasalso worked for many yearson



methodsfor automaticcodingof facialexpressionsin thestyleof MPEG4[5], whichcodes
movementof a setof facial featurepoints. While codingstandardslike MPEG4areuse-
ful for animatingfacial avatars,they areof limited usefor behavioral researchsince,for
example,MPEG4doesnot encodesomebehaviorally relevant facial movementssuchas
themusclethatcirclestheeye(theorbicularisoculi, whichdifferentiatesspontaneousfrom
posedsmiles[6]). It alsodoesnot encodethewrinklesandbulgesthatarecritical for dis-
tinguishingsomefacial muscleactivationsthat aredifficult to differentiateusingmotion
aloneyet canhave differentbehavioral implications(e.g. seeFigure1b.) Oneothergroup
hasfocusedon automaticFACSrecognitionasa tool for behavioral research,leadby Jeff
CohnandTakeoKanade.They presentanalternative approachbasedon traditionalcom-
putervision techniques,includingedgedetectionandoptic flow. A comparative analysis
of ourapproachesis availablein [1, 4, 10].

2 Factorizing rigid head motion from nonrigid facial deformations

Themostdifficult technicalchallengethatcamewith spontaneousbehavior wasthepres-
enceof out-of-planerotationsdueto the fact that peopleoften nod or turn their headas
they communicatewith others.Our approachto expressionrecognitionis basedon statis-
tical methodsapplieddirectly to filter bankimagerepresentations.While in principlesuch
methodsmaybeableto learntheinvariancesunderlyingout-of-planerotations,theamount
of dataneededto learnsuchinvariancesis likely to be impractical.Instead,we addressed
this issueby meansof deformable3D facemodels. We fit 3D facemodelsto the image
plane,texturethosemodelsusingtheoriginal imageframe,thenrotatethemodelto frontal
views,warpit to acanonicalfacegeometry, andthenrenderthemodelbackinto theimage
plane.(SeeFigures2,3,4).This allowedusto factorout imagevariationdueto rigid head
rotationsfrom variationsdueto nonrigidfacedeformations.Therigid transformationswere
encodedby therotationandtranslationparametersof the3D model.Theseparametersare
retainedfor analysisof therelationof rigid headdynamicsto emotionalandcognitivestate.

Sinceour goal wasto explore the useof 3D modelsto handleout-of-planerotationsfor
expressionrecognition,we first testedthesystemusinghand-labelingto give theposition
of 8 facial landmarks.

�
However theapproachcanbegeneralizedin a straightforwardand

principledmannerto work with automatic3D trackers,which we arepresentlydevelop-
ing [9].

�
Althoughhumanlabelingcanbehighly precise,the labelsemployed herehadsubstantialerror

dueto inattentionwhenthe facemoved. Meandeviation betweentwo labelerswas4 pixels
�

8.7.
Henceit mayberealisticto supposethatafully automaticheadposetrackermayachieveat leastthis
level of accuracy.

a. b.

Figure2: Headposeestimation.a. First cameraparametersandfacegeometryarejointly
estimatedusinganiterative leastsquarestechniqueb. Next headposeis estimatedin each
frameusingstochasticparticlefiltering. Eachparticleis aheadmodelataparticularorien-
tationandscale.



Whenlandmarkpositionsin theimageplaneareknown, theproblemof 3D poseestimation
is relatively easyto solve. We begin with acanonicalwire-meshfacemodelandadaptit to
thefaceof aparticularindividualby using30 imageframesin which8 facialfeatureshave
beenlabeledby hand.Usingan iterative leastsquarestriangulationtechnique,we jointly
estimatecameraparametersandthe 3D coordinatesof these8 features.A scattereddata
interpolationtechniqueis thenusedto modify the canonical3D facemodelso that it fits
the 8 featurepositions[14]. Oncecameraparametersand3D facegeometryareknown,
we usea stochasticparticlefiltering approach[11] to estimatethemostlikely rotationand
translationparametersof the3D facemodelin eachvideoframe.(See[2]).

3 Action unit recognition

Database of spontaneous facial expressions. We employed a datasetof spontaneous
facialexpressionsfrom freelybehaving individuals.Thedatasetconsistedof 300Gigabytes
of 640x 480color images,8 bitsperpixels,60fieldspersecond,2:1 interlaced.Thevideo
sequencescontainedout of planeheadrotationup to 75 degrees.Therewere17 subjects:
3 Asian,3 African American,and11 Caucasians.Threesubjectsworeglasses.Thefacial
behaviorsin oneminuteof videopersubjectwerescoredframeby frameby2 teamsexperts
on theFACSsystem,oneleadby Mark FrankatRutgers,andanotherleadby Jeffrey Cohn
at U. Pittsburgh.

While the databasewe usedwasratherlarge for currentdigital video storagestandards,
in practicethe numberof spontaneousexamplesof eachactionunit in the databasewas
relatively small.Hence,we prototypedthesystemon thethreeactionswhich hadthemost
examples:Blinks (AU 45 in theFACSsystem)for which we used168examplesprovided
by 10 subjects,Brow raises(AU 1+2) for which we had48 total examplesprovided by
12 subjects,andBrow lower (AU 4) for which we had14 total examplesprovidedby 12
subjects.Negative examplesfor eachcategory consistedof randomlyselectedsequences
matchedby subjectandsequencelength.Thesethreefacialactionshaverelevanceto appli-
cationssuchasmonitoringof alertness,anxiety, andconfusion.Thesystempresentedhere
employs generalpurposelearningmechanismsthat canbe appliedto recognitionof any
facialactiononcesufficient trainingdatais available. Thereis no needto developspecial
purposefeaturemeasuresto recognizeadditionalfacialactions.

HMM Decoder

SVM Bank

Figure3: Flow diagramof recognitionsystem.First, headposeis estimated,andimages
are warpedto frontal views andcanonicalfacegeometry. The warpedimagesare then
passedthrougha bankof Gaborfilters. SVM’s arethentrainedto classify facial actions
from the Gaborrepresentationin individual video frames. The output trajectoriesof the
SVM’s for full videosequencesarethenchanneledto hiddenMarkov models.



Recognition system. An overview of the recognitionsystemis illustratedin Figure3.
Headposewasestimatedin thevideosequencesusinga particlefilter with 100particles.
Faceimageswerethenwarpedontoa facemodelwith canonicalfacegeometry, rotatedto
frontal, andthenprojectedbackinto the imageplane. This alignmentwasusedto define
andcropasubregionof thefaceimagecontainingtheeyesandbrows.Theverticalposition
of the eyeswas0.67of the window height. Therewere105pixelsbetweenthe eyesand
120pixels from eyesto mouth. Pixel brightnesseswerelinearly rescaledto [0,255]. Soft
histogramequalizationwasthenperformedon theimagegray-levelsby applyinga logistic
filter with parameterschosento matchthe meanand varianceof the gray-levels in the
neutralframe[13].

The resultingimageswerethenconvolvedwith a bankof Gaborkernelsat 5 spatialfre-
quenciesand8 orientations.Outputmagnitudeswerenormalizedto unit lengthandthen
downsampledby a factorof 4. TheGaborrepresentationswerethenchanneledto a bank
of supportvectormachines(SVM’s). NonlinearSVM’s weretrainedto recognizefacial
actionsin individual video frames. The training samplesfor the SVM’s werethe action
peaksas identifiedby the FACS experts,andnegative exampleswererandomlyselected
framesmatchedby subject. Generalizationto novel subjectswastestedusingleave-one-
out cross-validation. The SVM outputwasthe margin (distancealongthe normal to the
classpartition). Trajectoriesof SVM outputsfor the full video sequenceof testsubjects
werethenchanneledto hiddenMarkov models(HMM’ s). TheHMM’ sweretrainedto clas-
sify facialactionswithoutusinginformationaboutwhich framecontainedtheactionpeak.
Generalizationto novel subjectswasagaintestedusingleave-one-outcross-validation.

Figure4: User interfacefor the FACS recognitionsystem.The faceon the bottomright
is an original framefrom the dataset.Top right: Estimateof headpose. Centerimage:
Warpedto frontal view andconical geometry. The curve shows the outputof the blink
detectorfor thevideosequence.This frameis in therelaxationphaseof ablink.

4 Results

Classifying individual frames with SVM’s. SVM’s were first trainedto discriminate
imagescontainingthepeakof blink sequencesfrom randomlyselectedimagescontaining
no blinks. A nonlinearSVM appliedto theGaborrepresentationsobtained95.9%correct
for discriminatingblinks from non-blinksfor thepeakframes.Thenonlinearkernelwasof
theform

������	� where
 is Euclideandistance,and � is a constant.Here ���� .

Recovering FACS dynamics. Figure5ashowsthetimecourseof SVM outputsfor com-
pletesequencesof blinks. Although the SVM wasnot trainedto measurethe amountof
eye opening,it is an emergentproperty. In all time coursesshown, the SVM outputsare
testoutputs(theSVM wasnot trainedon thesubjectshown). Figure 5b shows theSVM
trajectorywhentestedon a sequencewith multiple peaks.The SVM outputsprovide in-



formationaboutFACSdynamicsthatwaspreviously unavailableby humancodingdueto
time constraints.Currentcodingmethodsprovide only the beginning andendof the ac-
tion, alongwith thelocationandmagnitudeof theactionunit peak.This informationabout
dynamicsmaybeusefulfor futurebehavioral studies.
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Figure5: a. Blink trajectoriesof SVM outputsfor four differentsubjects.Starindicates
thelocationof theAU peakascodedby thehumanFACSexpert.b. SVM outputtrajectory
for a blink with multiple peaks(flutter). c. Brow raisetrajectoriesof SVM outputsfor one
subject.LettersA-D indicatetheintensityof theAU ascodedby thehumanFACSexpert,
andareplacedat thepeakframe.

HMM’ sweretrainedto classifyactionunitsfrom thetrajectoriesof SVM outputs.HMM’ s
addressedthecasein whichtheframecontainingtheactionunit peakis unknown. Two hid-
denMarkov models,onefor Blinks andonefor randomsequencesmatchedby subjectand
length,weretrainedandtestedusingleave-one-outcross-validation. A mixture of Gaus-
siansmodelwasemployed. Testsequenceswereassignedto the category for which the
probabilityof thesequencegiventhemodelwasgreatest.Thenumberof stateswasvaried
from 1-10,andthenumberof Gaussianmixtureswasvariedfrom 1-7. Bestperformance
of 98.2%correctwasobtainedusing6 statesand7 Gaussians.

Brow movement discrimination. Thegoalwasto discriminatethreeactionunits local-
izedaroundtheeyebrows.Sincethis is a3-categorytaskandSVMsareoriginally designed
for binaryclassificationtasks,wetrainedadifferentSVM oneachpossiblebinarydecision
task:Brow Raise(AU 1+2)versusmatchedrandomsequences,Brow Lower(AU 4) versus
anothersetof matchedrandomsequences,andBrow RaiseversusBrow Lower. Theoutput
of thesethreeSVM’s wasthenfed to anHMM for classification.The input to theHMM
consistedof threevalueswhichweretheoutputsof eachof thethree2-categorySVM’s. As
for theblinks, theHMM’ s weretrainedon the“test” outputsof theSVM’s. TheHMM’ s
achieved78.2%accuracy using10states,7 Gaussiansandincludingthefirst derivativesof
theobservationsequencein theinput. SeparateHMM’ swerealsotrainedto performeach
of the 2-category brow movementdiscriminationsin imagesequences.Theseresultsare
summarizedin Table1.

Figure 5c shows exampleoutput trajectoriesfor the SVM trainedto discriminateBrow
Raisefrom Randommatchedsequences.As with theblinks,we seethatdespitenot being
trainedto indicateAU intensity, anemergentpropertyof theSVM outputwasthemagni-
tudeof thebrow raise.MaximumSVM outputfor eachsequencewaspositively correlated
with actionunit intensity, asscoredby thehumanFACSexpert ������� �������������! "�#�$�&%���'(�) � )!) %+*! .
The contribution of Gaborswasexaminedby comparinglinear andnonlinearSVM’s ap-
plied directly to the differenceimagesversusto Gaboroutputs.Consistentwith our pre-
viousfindings[12], Gaborfilters madethespacemorelinearly separablethantheraw dif-
ferenceimages.For blink detection,a linearSVM on theGaborsperformedsignificantly
better(93.5%)thana linear SVM applieddirectly to differenceimages(78.3%). Using
a nonlinearSVM with differenceimagesimproved performancesubstantiallyto 95.9%,
whereasthenonlinearSVM on Gaborsgave only a small incrementin performance,also



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 performancesarefor generalizationto novel subjects.
Random:Randomsequencesmatchedby subjectandlength. N: Total numberof positive
(andalsonegative)examples.

to 95.9%. A similar patternwasobtainedfor the brow movements,exceptthatnonlinear
SVMs applieddirectly to differenceimagesdid not performaswell asnonlinearSVM’s
appliedto Gabors.Thedetailsof this analysis,andalsoananalysisof thecontribution of
SVM’s to systemperformance,areavailablein [1].

5 Conclusions

Weexploredanapproachfor handlingout-of-planeheadrotationsin automaticrecognition
of spontaneousfacialexpressionsfrom freelybehaving individuals.Theapproachfits a3D
modelof thefaceandrotatesit backto acanonicalpose(e.g.,frontalview). We foundthat
machinelearningtechniquesapplieddirectlyto thewarpedimagesis apromisingapproach
for automaticcodingof spontaneousfacialexpressions.

This approachemployedgeneralpurposelearningmechanismsthat canbe appliedto the
recognitionof any facialaction.Theapproachis parsimoniousanddoesnot requiredefin-
ing a differentsetof featureparametersor imageoperationsfor eachfacialaction. While
thedatabasewe usedwasratherlargefor currentdigital videostoragestandards,in prac-
tice thenumberof spontaneousexamplesof eachactionunit in thedatabasewasrelatively
small. We thereforeprototypedthesystemon thethreeactionswhich hadthemostexam-
ples.Inspectionof theperformanceof oursystemshowsthat14exampleswassufficient to
successfullylearnanaction,anorderof 50exampleswassufficientto achieveperformance
over 90%,andanorderof 150exampleswassufficient to achieve over 98%accuracy and
learnsmoothtrajectories.Basedon theseresults,we estimatethata databaseof 250min-
utesof coded,spontaneousbehavior would be sufficient to train the systemon the vast
majorityof facialactions.

Oneexciting finding is theobservationthatimportantmeasurementsemergedout of filters
derivedfrom thestatisticsof theimages.For example,theoutputof theSVM filter matched
to theblink detectorcouldbepotentiallyusedto measurethedynamicsof eyelid closure,
eventhoughthesystemwasnotdesignedto explicitly detectthecontoursof theeyelid and
measuretheclosure.(SeeFigure5.)

The resultspresentedhereemployedhand-labeledfeaturepointsfor the headposetrack-
ing step. We arepresentlydevelopinga fully automatedheadposetracker that integrates
particlefiltering with a systemdevelopedby Matthew Brandfor automaticreal-time3D
trackingbasedonoptic flow [3].

All of the piecesof the puzzlearereadyfor the developmentof automatedsystemsthat
recognizespontaneousfacialactionsat thelevel of detailrequiredby FACS.Collectionof
a muchlarger, realisticdatabaseto besharedby theresearchcommunityis a critical next
step.
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