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Abstract

Wepresenta systematiccomparisonof machinelearning
methodsappliedto theproblemof fully automaticrecogni-
tion of facial expressions.We report resultson a seriesof
experimentscomparingrecognition engines,includingAd-
aBoost,supportvectormachines,linear discriminantanal-
ysis.We alsoexploredfeature selectiontechniques,includ-
ing theuseof AdaBoostfor feature selectionprior to clas-
si�cation by SVM or LDA. Bestresultswere obtainedby
selectinga subsetof Gabor�lter susingAdaBoostfollowed
byclassi�cationwith SupportVectorMachines.Thesystem
operatesin real-time, and obtained93% correct general-
ization to novel subjectsfor a 7-wayforcedchoiceon the
Cohn-Kanadeexpressiondataset.Theoutputsof theclas-
si�ers change smoothlyas a functionof timeand thuscan
beusedto measure facial expressiondynamics.We applied
the systemto to fully automatedrecognition of facial ac-
tions(FACS).Thepresentsystemclassi�es17 actionunits,
whetherthey occursinglyor in combinationwith otherac-
tions,with a meanaccuracyof 94.8%.We presentprelimi-
nary resultsfor applyingthis systemto spontaneousfacial
expressions.

1 Intr oduction

Wepresentresultsonauserindependentfully automatic
systemfor real time recognitionof basicemotionalexpres-
sionsfrom video. Thesystemautomaticallydetectsfrontal
facesin thevideostreamandcodeseachframewith respect
to 7 dimensions:Neutral,anger, disgust,fear, joy, sadness,
surprise.A secondversionof thesystemdetects17 action
unitsof theFacialAction CodingSystem(FACS).We con-
ductedempirical investigationsof machinelearningmeth-
odsappliedto thisproblem,includingcomparisonof recog-
nition enginesandfeatureselectiontechniques.Bestresults
wereobtainedby selectinga subsetof Gabor�lters using
AdaBoostand then training SupportVector Machineson

the outputsof the �lters selectedby AdaBoost. The com-
binationof AdaBoostandSVM's enhancedbothspeedand
accuracy of thesystem.Thesystempresentedhereis fully
automaticand operatesin real-time. We presentprelimi-
nary resultsfor recognizingspontaneousexpressionsin an
interview setting.

2 Facial ExpressionData

The facial expressionsystemwastrainedandtestedon
CohnandKanade'sDFAT-504dataset[7]. Thisdatasetcon-
sistsof 100 university studentsrangingin agefrom 18 to
30 years.65%werefemale,15%wereAfrican-American,
and3%wereAsianor Latino. Videoswererecodedin ana-
log S-videousinga cameralocateddirectly in front of the
subject.Subjectswereinstructedby anexperimenterto per-
form a seriesof 23 facialexpressions.Subjectsbeganeach
displaywith aneutralface.Beforeperformingeachdisplay,
anexperimenterdescribedandmodeledthedesireddisplay.
Imagesequencesfrom neutralto target displayweredigi-
tized into 640 by 480 pixel arrayswith 8-bit precisionfor
grayscalevalues. For our study, we selectedthe 313 se-
quencesfrom thedatasetthatwerelabeledasoneof the6
basicemotions.Thesequencescamefrom 90subjects,with
1 to 6 emotionspersubject.The�rst andlast frames(neu-
tral andpeak)wereusedastraining imagesandfor testing
generalizationto new subjects,for a total of 626examples.
The trainedclassi�ers were later appliedto the entire se-
quence.

2.1 Real­time FaceDetection

We developedareal-timefacedetectionsystemthatem-
ploys boostingtechniquesin a generative framework [5]
andextendswork by [17]. Enhancementsto [17] include
employing Gentleboostinsteadof Adaboost,smartfeature
search,anda novel cascadetraining procedure,combined
in a generative framework. Sourcecodefor thefacedetec-
tor is freely availableat http://kolmogorov.sourceforge.net.



Accuracy on theCMU-MIT dataset,a standardpublic data
setfor benchmarkingfrontal facedetectionsystems,is 90%
detectionsand1/million falsealarms,which is state-of-the-
art accuracy. TheCMU testsethasunconstrainedlighting
andbackground.With controlledlighting andbackground,
suchasthefacialexpressiondataemployedhere,detection
accuracy is muchhigher. Thesystempresentlyoperatesat
24 frames/secondon a 3 GHz PentiumIV for 320x240im-
ages.

All facesin theDFAT-504datasetweresuccessfullyde-
tected. The automaticallylocatedfaceswere rescaledto
48x48pixels. The typical distancebetweenthe centersof
theeyeswasroughly24 pixels.No furtherregistrationwas
performed.The imageswereconvertedinto a Gabormag-
nituderepresentation,usingabankof Gabor�lters at8 ori-
entationsand9 spatialfrequencies(2:32pixelspercycleat
1/2octavesteps)(See[9] and[10]).

3 Classi�cation of Full Expressions

3.1 Support Vector Machines

We �rst examinedfacialexpressionclassi�cationbased
on support vector machines(SVM's). SVM's are well
suitedto this task becausethe high dimensionalityof the
GaborrepresentationO(105) doesnot affect training time,
which dependsonly on the numberof training examples
O(102). The systemperformeda 7-way forcedchoicebe-
tweenthe following emotioncategories: Happiness,sad-
ness,surprise,disgust,fear, anger, neutral. Methodsfor
multiclassdecisionswith SVM'swereinvestigatedin [10].

Here,theseven-wayforcedchoicewasperformedin two
stages.In stageI, supportvectormachinesperformedbi-
narydecisiontasksusingone-versus-allpartitioningof the
data,whereeachSVM discriminatedoneemotionfrom ev-
erything else. StageII convertedthe representationpro-
ducedby the �rst stageinto a probabilitydistribution over
thesevenexpressioncategories.Thiswasachievedby pass-
ing the7 SVM outputsthroughasoftmaxcompetition.

Generalizationto novel subjectswastestedusingleave-
one-subject-outcross-validation,in whichall imagesof the
testsubjectwereexcludedfrom training. Linear, polyno-
mial, andradial basisfunction (RBF) kernelswith Lapla-
cian, and Gaussianbasis functions were explored. Lin-
earandRBF kernelsemploying a unit-width Gaussianper-
formedbest,andarepresentedhere. Resultsaregiven in
Table1.

3.2 Adaboost

SVM performancewasnext comparedto Adaboostfor
emotionclassi�cation. The featuresemployedfor theAd-
aboostemotionclassi�er werethe individual Gabor�lters.
Thisgave9x8x48x48=165,888possiblefeatures.A subset
of thesefeatureswaschosenusingAdaboost.Oneachtrain-
ing round,theGaborfeaturewith thebestexpressionclas-
si�cation performancefor thecurrentboostingdistribution

waschosen.Theperformancemeasurewasaweightedsum
of errorsonabinaryclassi�cationtask,wheretheweighting
distribution (boosting)wasupdatedat every stepto re�ect
how well eachtrainingvectorwasclassi�ed.

Adaboosttraining continueduntil the classi�er output
distributions for the positive and negative sampleswere
completelyseparatedby a gapproportionalto the widths
of the two distributions. Theunionof all featuresselected
for eachof the 7 emotionclassi�ers resultedin a total of
900features.

Classi�cationresultsaregivenin Table1. Thegeneral-
izationperformancewith Adaboostwascomparableto lin-
earSVM performance.Adaboosthada substantialspeed
advantage.Therewasa 180-fold reductionin the number
of Gabor�lters used.Becausethesystememployeda sub-
setof �lter outputsat speci�c imagelocationsthe convo-
lutions were calculatedin pixel spaceratherthan Fourier
spacewhich reducedthe speedadvantage,but it neverthe-
lessresultedin a speedbene�t of over 3 timesfasterthan
thelinearSVM.

3.3 Linear Discriminant Analysis

A previoussuccessfulapproachto basicemotionrecog-
nition usedLinearDiscriminantAnalysis(LDA) to classify
Gaborrepresentationsof images[11]. While LDA maybe
optimal whenthe classdistributionsareGaussian,SVM's
maybe moreeffective whentheclassdistributionsarenot
Gaussian. Table 1 comparesLDA with SVM's and Ad-
aboost.A smallridgetermwasusedin LDA.

The performanceresults for LDA were dramatically
lower thanSVMs. Performancewith LDA improvedby ad-
justingthedecisionthresholdfor eachemotionsoasto bal-
ancethe numberof falsedetectsandfalsenegatives. This
form of thresholdadjustmentis commonlyemployedwith
LDA classi�ers,but it usespost-hocinformation,whereas
the SVM performancewas without post-hocinformation.
Even with the thresholdadjustment,the linear SVM per-
formedsigni�cantly betterthanLDA. (SeeTables1 and2.)

3.4 FeatureselectionusingPCA

Many approachesto LDA alsoemploy PCA to perform
featureselectionprior to classi�cation. For eachclassi-
�er wesearchedfor thenumberof PCAcomponentswhich
gave maximumLDA performance,which wastypically 40
to 70 components.The PCA stepresultedin a substantial
improvement.The combinationof PCA andthresholdad-
justmentgave performanceaccuracy of 80.7% for the 7-
alternative forced choice,which was comparableto other
LDA resultsin the literature [11]. Nevertheless,the lin-
earSVM outperformedLDA evenwith thecombinationof
PCA andthresholdadjustment.SVM performanceon the
PCArepresentationwassigni�cantly reduced,indicatingan
incompatibilitybetweenPCA andSVM's for theproblem.



3.5 Featureselectionby Adaboost

Adaboostis not only a fastclassi�er, it is alsoa feature
selectiontechnique.An advantageof featureselectionby
Adaboostis thatfeaturesareselectedcontingentonthefea-
turesthathavealreadybeenselected.In featureselectionby
Adaboost,eachGabor�lter is a treatedasa weakclassi�er.
Adaboostpicksthebestof thoseclassi�ers,andthenboosts
theweightson theexamplesto weighttheerrorsmore.The
next �lter is selectedasthe onethat givesthe bestperfor-
manceon theerrorsof theprevious�lter . At eachstep,the
chosen�lter canbeshown to beuncorrelatedwith theout-
putof theprevious�lters [6, 15].

We explored training SVM andLDA classi�ers on the
featuresselectedby Adaboost. Here, the classi�ers were
trained on the continuousoutputsof the selectedGabor
features,in contrastto the Adaboostclassi�er which em-
ployed thresholdedoutputs. Adaboostwas usedto select
900featuresfrom 9x8x48x48=165888 possibleGaborfea-
tures,whichwerethenclassi�edby theSVM or LDA.

Theresultsareshown in Table1 and2. Bestperformance
wasobtainedwith thecombinationof AdaboostandSVM's.
Weinformally call thesecombinedclassi�ersAdaSVM.We
informallycall thesecombinedclassi�ersAdaSVM.There-
sultsareshown in Table1. AdaSVM's outperformedboth
Adaboost(z = 2:1; p = 0:2) andSVM's (z = 2:6; p <
:01), wherez is theZ-statisticfor comparingsuccessrates
of Bernoulli randomvariables,andp is probabilitythat the
two performancescomefrom thesamedistribution. There-
sult of 93.3%accuracy for a user-independent7-alternative
forcedchoicewasencouraginggiven that previously pub-
lishedresultson this databasewere81-83%accuracy (e.g.
[2]). AdaSVM's alsocarrieda substantialspeedadvantage
over SVM's. The nonlinearAdaSVM wasover 400 times
fasterthanthenonlinearSVM.

RegardingLDA, featureselectionwith Adaboostgave
betterperformancethan featureselectionby PCA andre-
duced the differencein performancebetweenLDA and
SVM's. Nevertheless,SVM's continuedto outperform
LDA.

Table 1. Leave-one-out generalization performance of Ad-
aboost,SVM's and AdaSVM's. AdaSVM: Featureselectionby
AdaBoostfollowed by classi®cationwith SVM's. LDApca : Lin-
earDiscriminantanalysiswith featureselectionbasedonprinciple
componentanalysis,ascommonlyimplementedin theliterature.

Kernel Adaboost SVM AdaSVM LDApca

Linear 90.1 88.0 93.3 80.7
RBF 89.1 93.3

Table2. ComparingSVM performanceto LDA with differentfea-
ture selectiontechniques.The two classi®ersarecomparedwith
no featureselection,with featureselectionby PCA, and feature
selectionby Adaboost.

LDA SVM (linear)
Featureselection

None 44.4 88.0
PCA 80.7 75.5

Adaboost 88.2 93.3

4 Application to SpontaneousBehavior

In orderto objectivelycapturetherichnessandcomplex-
ity of facialexpressions,behavioral scientistshave foundit
necessaryto developobjectivecodingstandards.Thefacial
actioncodingsystem(FACS)[4] is themostobjective and
comprehensive coding systemin the behavioral sciences.
A humancoderdecomposesfacialexpressionsin termsof
46 componentmovements,which roughly correspondto
the 44 facial muscles. Several researchgroupshave rec-
ognizedtheimportanceof automaticallyrecognizingFACS
[3, 16, 14, 8]. Hereweapplythesystemdescribedaboveto
theproblemof fully automatedfacialactioncoding.

4.1 SpontaneousExpressionDatabase

Our collaboratorsat RutgersUniversity have collected
a datasetof spontaneousfacial behavior consistingof 100
subjectsparticipatingin a 'f alseopinion' paradigm.In this
paradigm,subjects�rst �ll out a questionnaireregarding
their opinionsabouta socialor political issue.Subjectsare
thenaskedto eithertell thetruthor taketheoppositeopinion
on an issuewherethey ratedstrongfeelings,andconvince
aninterviewer they aretelling thetruth. This paradigmhas
beenshown to elicit a wide rangeof emotionalexpressions
as well as speech-relatedfacial expressions.This dataset
is particularlychallengingboth becauseof speech-related
mouthmovements,andalsobecauseof out-of-planehead
rotationswhich tendto bepresentduringdiscourse.

Two minutesof eachsubject's behavior is beingFACS
codedby two certi�ed FACS coders.FACS codesinclude
the apex frame as well as the onsetand offset frame for
eachactionunit (AU). Herewe presentpreliminaryresults
for a systemtrainedon two large datasetsof FACS-coded
posedexpressions,and testedon the spontaneousexpres-
siondatabase.

4.2 FACSTraining

The systemwastrainedon FACS-codedimagesfrom 2
datasets.The �rst datasetwas the Cohn Kanadedataset,
which containsFACSscoresby two certi�ed FACScoders



in additionto thebasicemotionlabels.Theseconddataset
consistedof directedfacialactionscollectedby Hagerand
Ekman. (See[3].) The combineddatasetcontained2568
training examplesfrom 119 subjects. As above, the sys-
temwasfully automated.Automaticeye detection[5] was
employed to align the eyes in eachimage. Imageswere
scaledto 192x192,passedthrougha bankof Gabor�lters
at 8 orientationsand7 spatialfrequencies(4:32 pixelsper
cyc). Outputmagnitudeswerethenpassedto nonlinearsup-
port vectormachinesusingRBF kernels.No featureselec-
tion was performed,althoughwe plan to evaluatefeature
selectionby AdaBoostin thenearfuture.

Separatesupport vector machines,one for each AU,
were trainedto perform context-independentrecognition.
In context-independentrecognition,the systemdetectsthe
presenceof agivenAU regardlessof theco-occurringAU's.
Positive examplesconsistedof the last frame of eachse-
quencewhich containedtheexpressionapex. Negative ex-
amplesconsistedof all apex framesthatdid not containthe
targetAU plusneutralimagesobtainedfrom the�rst frame
of eachsequence,for a total of 2568-Nnegative examples
for eachAU.

4.3 GeneralizationPerformanceWithin Dataset

We �rst report performance for generalization to
novel subjectswithin the Cohn-KanadeandEkman-Hager
databases.Generalizationto new subjectswas testedus-
ing leave-one-subject-outcross-validation. The resultsare
shown in Table3. All systemoutputsabovethresholdwere
treatedasdetections.Performancewasevaluatedfor thresh-
oldsof 0 in theSVM, andthenevaluatedagainfor theopti-
mal thresholdthatmaximizedpercentcorrect.

The systemobtaineda meanof 94.8%agreementwith
humanFACS labels. Systemoutputsfor full image se-
quencesof testsubjectsareshown in Figure1. Although
eachindividual imageis separatelyprocessedand classi-
�ed, theoutputschangesmoothlyasa function of expres-
sionmagnitudein thesuccessive framesof eachsequence,
enablingapplicationsfor measuringthemagnitudeanddy-
namicsof facialexpressions.

Figure 1. AutomatedFACS measurementsfor full image se-
quences.Shown are4 subjectsfrom theCohn-Kanadedatasetpos-
ing disgustcontainingAU's 4,7 and9. Thesearetestsequences
notusedfor training.

Over 7000actionunit combinationshave beenreported

Table3. Performancefor fully automaticrecognitionof 17 facial
actions,generalizationto novel subjectsin theCohn-Kanadeand
Ekman-Hagerdatabases.N: Totalnumberof positiveexamples.P:
Percentagreementwith HumanFACScodes(positiveandnegative
examplesclassedcorrectly). Popt : Samewith optimal threshold.
FA, Hit: Hit andfalsealarmrateswith optimalthreshold.

AU Name N P Popt FA Hit

1 Inn. brow raise 409 90.3 92.9 0.4 71.3
2 Out. brow raise 315 91.8 92.8 1.6 62.6
4 Brow lower 412 82.7 86.8 6.9 41.0
5 Upperlid raise 286 91.2 92.9 2.1 61.9
6 Cheekraise 278 92.8 93.5 1.4 70.1
7 Lower lid tight 403 85.7 88.5 4.6 52.1
9 Nosewrinkle 68 98.7 98.8 0.04 85.3
10 Lip Raise 50 97.7 98.1 13.9 26.0
12 Lip crnr. pull 196 97.8 98.0 0.04 93.4
15 Lip crnr. depr. 100 97.0 97.2 1.0 72.0
17 Chin raise 203 87.0 92.8 7.0 40.4
20 Lip stretch 99 94.4 96.2 6.6 41.4
23 Lip tighten 57 97.0 97.9 11.0 36.8
24 Lip press 49 98.4 98.5 1.7 61.2
25 Lips part 376 89.7 91.2 2.2 64.9
26 Jaw drop 86 96.7 97.1 5.9 45.3
27 Mouthstretch 81 99.2 99.2 0.04 97.5

Mean 93.4 94.8 3.9 60.2

in thepsychologyliterature,andtheproblemof how to han-
dle recognitionof action unit combinationshas received
considerablediscussion(e.g. [16, 13]). Here we address
recognitionof combinationsby training a data-drivensys-
temto detectagivenactionregardlessof whetherit appears
singly or in combinationwith otheractions(context inde-
pendentrecognition).A strengthof data-drivensystemsis
thatthey learnthevariationsdueto combinations,andthey
also learn the most likely contexts of an action. Nonlin-
earsupportvectormachineshave the addedadvantageof
being able to handlemultimodal datadistributions which
canarisewith actioncombinations.1 It is anopenquestion
whetherbuilding classi�ers for speci�c combinationsim-
provesrecognitionperformance,andthatis atopicof future
work.

4.4 Generalization to SpontaneousExpressions

The systemdescribedin Section4.2 wasthentestedon
the spontaneousexpressiondatabase.Preliminaryresults

1whentheclassof kernelis well matchedto theproblem.Thedistribu-
tion of facialexpressiondatais not well known, andthis questionrequires
empiricalstudy. Severallabsin additionto ourshavefoundarangeof RBF
kernelsto beeffective for faceclassi®cationtasks.



arepresentedfor 12subjects.This datacontaineda total of
1689labeledevents,consistingof 33 distinct actionunits,
16of whichwereAU's for whichwehadtrainedclassi�ers.
The face detectoroperatesfor frontal facesof � 10deg,
whereasunconstrainedheadmovementsduring discourse
canrotateoutsidethatrange.Facedetectionswereaccepted
if thefaceboxwasgreaterthan150pixelswidth, botheyes
weredetectedwith positive position,and the distancebe-
tweentheeyeswas> 40pixels.Thisresultedin facesfound
for 95%of thevideoframes.All detectedfaceswerepassed
to theAU recognitionsystem.

a

b

Figure 2. Samplesystemoutputsfor a 10-secondsegmentcon-
taining a brow-raise(FACS code1+2). Systemoutput is shown
for AU 1 (left) andAU 2 (right). Humancodesareoverlayedfor
comparison(onset,apex, offset).

Here we presentbenchmarkperformanceof the basic
frame-by-framesystemon thevideodata. Figure2 shows
samplesystemoutputsfor onesubject,andperformanceis
shown in Table4. Performancewasassessedseveralways.
First, we assessedoverall percentcorrect for eachaction
unit on a frame-by-framebasis,wheresystemoutputsthat
were above thresholdinside the onsetand offset interval
indicatedby the humanFACS codes,andbelow threshold
outsidethat interval wereconsideredcorrect.This gave an
overallaccuracy of 90.5%correctacrossAU's.2

Next anintervalanalysiswasperformedwhichmeasured
percentcorrectdetectionson intervalsof lengthI. Herewe
presentperformancefor intervalsof length21 (10 oneither
sideof theapex), but performancewasstablefor a rangeof
choicesof I. A targetAU wastreatedaspresentif at least
6/21 frameswereabove threshold. An SVM thresholdof

2Overall percentcorrect can give high numberssince the AU's are
presentfor asmallpercentageof frames.

Table4. Recognitionof spontaneousfacial actions. AU: Action
unit number. N: Total numberof testingexamples. Dur.: Mean
durationof theAU in frames.P: percentcorrectover all frames;
Hitapex : Hit rate for AU apex frame. P� : Percentcorrect for
interval analysis(seetext). FA, Hit: Hit andfalsealarmratesfor
interval analysis.

AU N Dur. P P� FA Hit

1 166 30 84 81 17 48
2 138 23 88 79 20 55
4 33 23 93 78 22 55
5 34 26 98 80 20 33
6 56 112 91 86 13 79
7 48 78 83 76 22 33
9 2 12 100 79 21 100
10 53 69 95 76 23 29
12 112 102 86 84 11 58
15 73 18 98 80 19 40
17 88 39 93 78 20 48
20 8 8 99 80 20 18
23 29 46 94 79 21 36
24 66 27 92 77 22 17
25 131 65 65 74 21 34
26 105 55 92 73 23 27

Mean 90.5 78.8 19.7 44.4

1 standarddeviation above themeanwasemployed. Neg-
ative examplesconsistedof the remaining2 minutevideo
streamfor eachsubject,outsidetheFACScodedonsetand
offset intervals for the target AU, parsedinto intervals of
21 frames. Meanpercentcorrectfor the interval analysis
was79%, with hit and falsealarmratesof 44% and20%
respectively.

5 Conclusions

Wepresentedasystematiccomparisonof machinelearn-
ing methodsapplied to the problem of fully automatic
recognitionof facialexpressions,includingAdaBoost,sup-
port vectormachines,and linear discriminantanalysis,as
well as featureselectionmethods. Best resultswere ob-
tainedby selectingasubsetof Gabor�lters usingAdaBoost
andthentraining SupportVectorMachineson the outputs
of the �lters selectedby AdaBoost. The combinationof
AdaboostandSVM'senhancedbothspeedandaccuracy of
thesystem.Thefull systemoperatesin real time. Facede-
tectionrunsat 24 frames/secondin 320x240imageson a 3
GHz PentiumIV. Theexpressionrecognitionstepoperates
in lessthan10msec.

The generalizationperformanceto new subjects for
recognitionof full facialexpressionsof emotionin a 7-way
forced choicewas 93.3%,which is the bestperformance



reportedso far on this publicly availabledataset.Our re-
sults suggestthat user independent,fully automaticreal
time coding of facial expressionsin the continuousvideo
streamis anachievablegoalwith presentcomputerpower,
at leastfor applicationsin which frontal views canbe as-
sumed.

The machine-learningbasedsystempresentedherecan
be appliedto recognitionof any facial expressiondimen-
sion given a training dataset. Here we applied the sys-
tem to fully automatedfacial actioncoding,andobtained
a meanagreementrateof 94.8%for 17 AU's from theFa-
cial Action CodingSystem.Theoutputsof theexpression
classi�ers changesmoothlyasa function of time, provid-
ing informationaboutexpressiondynamicsthatwasprevi-
ouslyintractableby handcoding.Thesystemis fully auto-
mated,andperformanceratesaresimilar to or betterthan
othersystemstestedon this datasetthat employedvarying
levels of manualregistration. The approachto automatic
FACScodingpresentedhere,in additionto beingfully au-
tomated,alsodiffersfrom approachessuchas[13] and[16]
in that insteadof designingspecialpurposeimagefeatures
for eachfacialaction,we exploregeneralpurposelearning
mechanismsfor data-drivenfacialexpressionclassi�cation.
The approachdetectsnot only changesin positionof fea-
turepoints,but alsochangesin imagetexturesuchasthose
createdby wrinkles,bulges,andchangesin featureshapes.

Here we presentedpreliminary results for the perfor-
manceof thesystemon spontaneousexpressions.Thesys-
tem was able to detectfacial actionsin this databasede-
spitethepresenceof speech,out-of-planeheadmovements
that occurduring discourse,andthe fact that many of the
action units occurredin combination. Theseresultspro-
vide a benchmarkfor frame-by-frameanalysisby a system
trainedfor frontal views. Theoutputsequencecontainsin-
formationaboutdynamicsthat canbe exploited for decid-
ing the presenceof a facial action [1]. Futurework will
explore thesedynamics,andcompareimprovementto the
benchmarkprovided here. The accuracy of automatedfa-
cial expressionmeasurementmayalsobeconsiderablyim-
proved by 3D alignmentof faces. Moreover, information
aboutheadmovementdynamicsis animportantcomponent
of nonverbalbehavior, andis measuredin FACS.Members
of this grouphave developedtechniquesfor automatically
estimating3D headposein a generativemodel[12] andfor
aligning faceimagesin 3D. Thesetechniqueswill be inte-
gratedinto futureversionsof oursystem.
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