In press:Proceedingsf the IEEE Conferenceon Systemsman & Cybernetics, The Hague, Netherlands,2004.

Machine Learning Methods for Fully Automatic Recognition
of Facial Expressionsand Facial Actions

Marian Stevart Bartlett, GwenLittlewort, ClaudiaLainscsek)an Fasel,Javier Movellan
Institutefor NeuralComputationUniversity of California,SanDiego
SanDiego, CA 92093-0523

mbartlett@ucsd.edu

Abstract — We presenta systematiccomparisonof madine
learningmethodsappliedto the problemof fully automaticreca-
nition of facial expressionsWe explored recaynition of facial ac-
tions from the Facial Action Coding System(FACS), as well as
recaynition of full facial expressions. Eac video-fameis r st
scannedn real-timeto detectapproximatelyupright-frontalfaces.
Thefacesfoundare scaledinto image patchesof equalsize con-
volvedwith a bankof Gaborenegy lIter s, andthenpassedo a
recanition enginethatcodedacial expressionsnto 7 dimensions
in real time: neutral, anger, disgust,fear, joy, sadnesssurprise
e reportresultson a seriesof experimentscomparingrecayni-
tion engines,ncluding AdaBoost.supportvector madines,lin-
ear discriminantanalysis,aswell asfeature selectiontechniques.
Bestresultswere obtainedby selectinga subsetof Gabor lter s
using AdaBoostand thentraining Support\Vector Machineson
theoutputsof the Iter s selectecby AdaBoostThegenealization
performancdo new subjectdor recagnition of full facial expres-
sionsin a 7-wayforced choicewas93% correct, the bestperfor
mancereportedso far on the Cohn-Kanade=ACS-codedxpres-
sion dataset. We also applied the systento fully automatedfa-
cial actioncoding Thepresentsystenclassi es18 action units,
whetherthey occur singly or in combinationwith other actions,
with a meanagreementate of 94.5%with humanFACScodesin
the Cohn-Kanadedataset. The outputsof the classi ers change
smoothlyas a functionof time and thus can be usedto measue
facial expressiondynamics.

Keywords: Facial expressionrecognition,facial action coding,
featureselectionmachindearning,supportvectormachinesAd-
aBoostineardiscriminantanalysis.

1 Intr oduction

We presentresultson a userindependenfully automaticsys-
temfor realtime recognitionof basicemotionalexpressiongrom
video. Thesystemautomaticallydetectdrontal facesin thevideo
streamandcodeseachframewith respecto 7 dimensions:Neu-
tral, anger disgust,fear, joy, sadnesssurprise.A secondversion
of the systemdetectsl 8 actionunits of the Facial Action Coding
System(FACS). We conductedempirical investigationsof ma-
chine learningmethodsappliedto this problem,including com-
parisonof recognitionenginesand featureselectiontechniques.
Bestresultswere obtainedby selectinga subsetof Gabor Iters
using AdaBoostand then training SupportVector Machineson
the outputsof the Iters selectedoy AdaBoost. The combination
of AdaBoostandSVM's enhancedbothspeedandaccurag of the
system.Thesystenpresentedhereis fully automaticandoperates
in real-time.

2 Facial ExpressionData

The facial expressionsystemwastrainedandtestedon Cohn
andKanades DFAT-504 datase{8]. This datasetonsistsof 100
university studentsrangingin age from 18 to 30 years. 65%
were female, 15% were African-American,and 3% were Asian
or Latino. Videoswererecodedn analogS-videousinga camera
locateddirectly in front of the subject. Subjectswereinstructed
by an experimenterto performa seriesof 23 facial expressions.
Subjectdbeganeachdisplaywith a neutralface.Beforeperform-
ing eachdisplay anexperimenterdescribecandmodeledthe de-
sireddisplay Imagesequenceom neutralto targetdisplaywere
digitized into 640 by 480 pixel arrayswith 8-bit precisionfor
grayscalevalues.

For our study we selectedhe 313 sequencefrom the dataset
thatwerelabeledasone of the 6 basicemotions. The sequences
camefrom 90 subjectswith 1 to 6 emotionspersubject.The rst
andlast frames(neutraland peak)were usedastraining images
andfor testinggeneralizatiorto new subjects for a total of 626
examples. Thetrainedclassi erswerelater appliedto the entire
sequence.

2.1 Real-time FaceDetection

We developeda real-timefacedetectionsystemthat employs
boostingtechniquesn a generatre frameavork [6] and extends
work by [21]. Enhancement$o [21] include emplgying Gen-
tleboostinsteadof Adaboost,smartfeaturesearch,and a novel
cascadetraining procedure,combinedin a generatie frame-
work. Sourcecode for the face detectoris freely available at
http://kolmogorov.souceforgenet. Accurag on the CMU-MIT
dataseta standardpublic datasetfor benchmarkingrontal face
detectionsystemsjs 90% detectionsand 1/million falsealarms,
which is state-of-the-araccuray. The CMU testsethasuncon-
strainedlighting and background. With controlledlighting and
backgroundsuchasthefacialexpressiordataemployedhere,de-
tectionaccurag is muchhigher The systempresentlyoperatest
24 frames/secondna 3 GHz PentiumlV for 320x240images.

All facesin the DFAT-504 datasetvere successfullydetected.
The automaticallylocatedfaceswere rescaledto 48x48 pixels.
Thetypical distancebetweenthe centersof the eyeswasroughly
24 pixels. No further registrationwas performed. The images
were corvertedinto a Gabor magnituderepresentationysing a
bank of Gabor Iters at 8 orientationsand 9 spatialfrequencies
(2:32pixelspercycle at 1/2 octave steps)See[10] and[11].



3 Classication of Full Expressions of
Emotion

3.1 Support Vector Machines

We rst examinedfacialexpressiorclassi cationbasedn sup-
port vector machines(SVM's). SVM's are well suitedto this
task becausethe high dimensionalityof the Gabor representa-
tion O(10°) doesnot affect training time, which dependsonly
on the numberof training examplesO(10?). The systemper
formeda 7-way forcedchoicebetweerthefollowing emotioncat-
egories:Happinesssadnesssurprisedisgustfear, angerneutral.
Methodsfor multiclassdecisionswith SVM's areinvestigatedn
[11]. Here,the seren-way forced choicewas performedin two
stages.In stagel, supportvectormachinegerformedbinary de-
cision tasksusing one-\ersus-allpartitioning of the data, where
eachSVM discriminateconeemotionfrom everythingelse.Stage
Il corvertedthe representatioproducedby the rst stageinto a
probabilitydistribution overthe sezenexpressiorcategories. This
was achieved by passingthe 7 SVM outputsthrougha softmax
competition.

Generalizationto novel subjectswas testedusing leave-one-
subject-outross-alidation,in which all imagesf thetestsubject
wereexcludedfrom training. Resultsaregivenin Table1, Linear,
polynomial,andradial basisfunction (RBF) kernelswith Lapla-
cian,andGaussiatasisfunctionswereexplored.LinearandRBF
kernelsemploying a unit-width Gaussiarperformedbest,andare
presentedhere.

3.2 Adaboost

SVM performancavasnext comparedo Adaboosfor emotion
classi cation. The featuresemployed for the Adaboostemotion
classi erweretheindividual Gabor lters. Thisgave 9x8x48x48=
165,888possiblefeatures. A subsetof thesefeatureswas cho-
senusing Adaboost. On eachtraining round, the Gaborfeature
with thebestexpressiorclassi cationperformancdor the current
boostingdistribution waschosen.The performanceneasurevas
a weightedsum of errorson a binary classi cation task, where
theweightingdistribution (boosting)wasupdatedat every stepto
re ect how well eachtrainingvectorwasclassi ed.

Adaboostraining continueduntil the classi er outputdistribu-
tionsfor the positive andnegative samplesverecompletelysepa-
ratedby a gapproportionalto the widths of the two distributions
(seeFigurel). Theunionof all featuresselectedor eachof the 7
emotionclassi ersresultedn atotal of 900features.

Classi cationresultsaregivenin Table 1. The generalization
performancewith Adaboostwas comparabléo linear SVM per
formance AdabooshadasubstantiaspeedhdvantageTherewas
a 180-foldreductionin thenumberof Gabor lters used.Because
thesystememployedasubsebf Iter outputsatspeci cimagelo-
cationsthecorvolutionswerecalculatedn pixel spaceatherthan
Fourierspacewhichreducedhe speedadvantagebut it neverthe-
lessresultedn aspeedene t of over3timesfasterthanthelinear
SVM.

3.3 Combining feature selectionby Adaboostwith
classi cation by SVM's

Adaboosis notonly afastclassi er, it is alsoafeatureselection
technique.An advantageof featureselectionby Adaboostis that
featuresareselectectontingenton the featuresthat have already
beenselectedln featureselectionby AdaboosteachGabor Iter
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Figure 1: Stoppingcriteria for Adaboosttraining. a. Outputof one
expressiorclassi®erduring Adaboosttraining. The responsdor eachof
the training examplesis shavn asa function of numberfeaturesasthe
classi®ergrows. b. Generalizatiorerror asa function of the numberof
featureschoserby Adaboost.
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Figure 2: SVM's learn weights for the continuousoutputs of
all 92160 Gabor lters. AdaBoostselectsa subsetof features
and learnsweights for the thresholdedoutputsof those lIters.
AdaSVM's learn weightsfor the continuousoutputsof the se-
lected lters.

is atreatedasaweakclassi er. Adaboostpicksthe bestof those
classi ers,andthenboostshe weightson the examplesto weight
theerrorsmore.Thenext lter is selectedhstheonethatgivesthe
bestperformancenthe errorsof the previous Iter . At eachstep,
thechosenlter canbeshowvn to be uncorrelatedvith the output
of theprevious lters [7, 18].

We exploredtraining SVM classi erson the featuresselected
by Adaboost. Whenthe SVM's weretrainedon the thresholded
outputsof the selectedGaborfeaturesthey performedno better
than Adaboost. However, we trained SVM's on the continuous
outputsof the selectedlters. We informally call thesecombined
classi ersAdaSVM. Theresultsareshavnin Tablel. AdaSVM's
outperformedboth Adaboost(z = 2:1;p = 0:2) and SVM's
(z = 2:6;p < :01)'. Theresultof 93.3%accuray for a user
independent7-alternatve forced choice was encouraginggiven
that previously publishedresultson this databasevere 81-83%
accurag (e.g. [3]). AdaSVM's alsocarrieda substantiakpeed
adwantageover SVM's. The nonlinearAdaSVM was over 400
timesfasterthanthenonlinearSVM.

Number of Support Vectors We next examinedthe effect of
featureselectionby Adabooston the numberof supportvectors.

1z refersto the Z-statisticfor comparingsuccessatesof Bernoullirandomvari-
ables;p is probabilitythatthe two performancesomefrom the samedistribution



Kernel | Adaboost SVM AdaSVM  LDApca

90.1 88.0

89.1

93.3
93.3

Linear 80.7

RBF

Tablel: Leave-one-ougeneralizatioperformancef Adaboost,SVMS
andAdaSVM's. AdaSVM: Featureselectionby AdaBoostfollowed by
classi®catiorwith SVM's. LDAya : Linear Discriminantanalysiswith
featureselectionbasedn principle componenanalysis.

Smallernumbersof supportvectorsproffer two advantages:(1)
the classi cation procedureis faster and (2) the expectedgen-
eralizationerror decreaseasthe numberof supportvectorsde-
creaseq20]. The numberof supportvectorsfor the nonlinear
SVM rangedfrom 14 to 43 percentof the total numberof train-
ing vectors. Featureselectionby Adaboostreducedthe number
of supportvectorsemployed by the nonlinearSVM to 12 to 26
percent.

3.4 Linear Discriminant Analysis

A previous successfubpproachto basicemotionrecognition
usedLinear DiscriminantAnalysis (LDA) to classify Gaborrep-
resentationsf imageq13]. While LDA maybeoptimalwhenthe
classdistributions are Gaussian SVM's may be more effective
whenthe classdistributionsare not Gaussian.Table2 compares
LDA with linearSVM's. A smallridgetermwasusedin LDA.

Theperformanceesultsfor LDA weredramaticallylowerthan
SVMs. Performancewith LDA improved by adjustingthe de-
cision thresholdfor eachemotionso asto balancethe number
of falsedetectsand false negatives. This form of thresholdad-
justmentis commonlyemployedwith LDA classi ers,but it uses
post-hodnformation,whereaghe SVM performancevaswithout
post-hodnformation.Evenwith thethresholdadjustmentthelin-
earSVM performedsigni cantly betterthanLDA. (SeeTablesl
and2.)

3.4.1 Featureselectionusing PCA

Many approaches LDA alsoemploy PCAto performfeature
selectionprior to classi cation. For eachclassi er we searched
for the numberof PCA componentsvhich gave maximumLDA
performance which was typically 40 to 70 components. The
PCA stepresultedn a substantiaimprovement.Thecombination
of PCA andthresholdadjustmengave performanceaccurag of
80.7%for the 7-alternatve forcedchoice,which wascomparable
to otherLDA resultsin theliterature[13]. Neverthelessthe lin-
ear SVM outperformed_DA evenwith the combinationof PCA
andthresholdadjustment.SVM performanceon the PCA repre-
sentatiorwassigni cantly reducedjndicatinganincompatibility
betweerPCA andSVM'sfor theproblem.

3.4.2 Featureselectionusing Adaboost

We next examinedwhetherfeatureselectionby Adaboostgave
betterperformanceavith LDA thanfeatureselectionby PCA. Ad-
aboostwasusedto select900 featuresirom 9x8x48x48=16588
possibleGaborfeatureswhich werethenclassi ed by LDA (Ta-
ble 2). Featureselectionwith Adaboostgave betterperformance
with the LDA classi er thanfeatureselectionby PCA. Using Ad-
aboosfor featureselectiorreducedhedifferencen performance
betweerLDA andSVM's. NeverthelessSVM's continuedo out-
performLDA.

LDA SVM (linear)
Featureselection

None 44.4 88.0
PCA 80.7 75.5
Adaboost 88.2 93.3

Table 2: ComparingSVM performanceo LDA with differentfeature
selectiontechniques.The two classi®ersare comparedwith no feature
selection,with featureselectionby PCA, and featureselectionby Ad-
aboost.

3.5 Real-time expressionrecognitionfrom video

We combinedhefacedetectiorandexpressiomecognitioninto
a systenmthatoperate®n live digital videoin realtime. Facede-
tection operatesat 24 frames/secondéh 320x240imageson a 3
GHz PentiumlV. The expressiorrecognitionstepoperatesn less
than10 msec.

Although eachindividual imageis separatelyprocessedand
classi ed,the outputschangesmoothlyasa functionof time, par
ticularly underillumination and backgroundconditionsthat are
favorablefor alignment.(SeeFigure3). This enablesapplications
for measuringhe magnitudeanddynamicsof facialexpressions.

Figure3: Outputsof the SVM'strainedfor neutralandsadnes$or afull
testimagesequencef a subjectperformingsadnes$rom the DFAT-504
database.Th&VM outputis the distanceto the separatinghyperplane
(themamin).

4 Automated Facial Action Coding

In orderto objectively capturethe richnessand compleity of
facialexpressionshehaioral scientistshave foundit necessaryo
developobjective codingstandardsThefacialactioncodingsys-
tem (FACS) [5] is the mostobjective and comprehensie coding
systemin the behaioral sciences.A humancoderdecomposes
facial expressiondn termsof 46 componenimovements which
roughly correspondo the 44 facial muscles.A longstandinge-

Figure4: Overview of fully automatedacial actioncodingsys-
tem.



searchdirectionin the MachinePerceptiorLaboratoryis to auto-
maticallyrecogniz€acialactions(e.g.[4, 1, 2]. Threegroupsbe-
sidesourshave focusedon automaticFACS recognitionasa tool
for behaioral research:[1917, 9]. Systemgo datestill require
considerablemanualinput, unlessinfrared signalsare available
for locatingthe eyes.

Here we apply the systemdescribedabove to the problemof
fully automatedacialactioncoding. The machinelearningtech-
niguespresentedibove wererepeatedwherefacial actionlabels
replacedhebasicemotionlabels.Faceimagesweredetectecand
alignedautomaticallyin the video framesandsentdirectly to the
recognitionsystem.

The systemwas againtrainedon Cohn and Kanades DFAT-
504 datasetwhich containsFACS scoresby two certi ed FACS
codersin additionto the basicemotionlabels. Automaticeye de-
tection[6] wasemployedto alignthe eyesin eachimage.Images
were scaledto 192x192,passedhrougha bank of Gabor Iters
at 8 orientationsand 7 spatialfrequencieq4:32 pixels per cyc).
Outputmagnitudesverethenpassedo nonlinearsupportvector
machineaisingRBF kernels.No featureselectionvasperformed,
althoughwe planto evaluatefeatureselectionby AdaBoostin the
nearfuture.

Therewere18 actionunitsfor which therewereat least15 ex-
amplesin the dataset.Separatesupportvectormachinespnefor
eachAU, weretrainedto perform context-independentecogni-
tion. In contet-independentecognition,the systemdetectsthe
presencef agiven AU regardlesf the co-occurringAU's. Pos-
itive examplesconsistedf thelastframeof eachsequencevhich
containedheexpressiorape. Negative examplesconsistedf all
ap« framesthat did not containthe target AU plus neutralim-
agesobtainedfrom the rst frameof eachsequencefor atotal of
626-N negative examplesfor eachAU. Softmaxcompetitionwas
notincludedin theautomatedrACScodingsystemsincemultiple
action units may be presentsimultaneously Instead,all system
outputsabore thresholdwere treatedas detections. Generaliza-
tion to new subjectsvastestedusingleave-one-subject-outross-
validation. Theresultsareshovn in Table3. Systemoutputsfor
full imagesequencesf testsubjectsaareshavn in Figure5.

Figure5: AutomatedFACS measurement®r full imagesequencesa.

Surpriseexpressiorsequencefom 2 subjectscoredby thehumancoder
ascontainingAU's 1,2 and 5. Curves shov automatedsystemoutput
for AU's 1,2 and5. b. Disgustexpressionsequencefrom 2 subjects
scoredby the humancoderascontainingAU's 4,7 and9. Curnesshav

automatedsystemoutputfor AU's 4,7 and9.

The systemobtaineda meanof 94.5%agreementwith human

AU Name N Agreement Nhit:FA
1 Innerbrow raise 123 93% 98:15
2 Outerbrowraise 83 96% 69:11
4  Brow corrugator 143 89% 103:29
5 Upperlid raise 85 92% 49:16
6  Cheekraise 93 94% 71:16
7  Lowerlid tight 85 87% 37:32
9  Nosewrinkle 43 99% 35:0
11 Nasolabiafurrow 23 96% 3.0
12 Lip cornerpull 73 98% 62:6
15 Lip cornerdepress 49 95% 27:12
17 Chinraise 124 91% 91:20
20 Lip stretch 51 96% 316
23 Lip tighten 38 94% 10:12
24 Lip press 35 95% 14:6
25 Lips part 118 94% 94:10
26 Jaw drop 18 97% 3.0
27 Mouthstretch 51 98% 46:12
44  Eyesquint 18 97% 5.6

Table 3: Performancdor fully automaticrecognitionof 18 facial ac-

tions, generalizatiorto novel subjects.N: Total numberof examplesof

eachAU, including combinationscontainingthat AU. Agreement:Per

centagreementvith HumanFACS codegpositive andnegative examples
classectorrectly). Nhit:FA: Rav numberof hits andfalsealarms,where
thenumberof negative testsamplesvas626-N.

FACS labels. The systemis fully automatedand performance
ratesare similar to or betterthan other systemstestedon this
datasethatemployed varying levels of manualregistration. The
strongperformanceof our systemis the resultof mary yearsof
systematiccomparisons(suchasthosepresentecere,andalso
in [4, 1]), investigatingvhich imagefeatureqrepresentationgre
most effective, which classi ers are most effective, optimal res-
olution and spatial frequeng, featureselectiontechniquesand
comparingo w-basedo texture-basedecognition.

Theapproacho automaticFACS codingpresentedhere,in ad-
dition to beingfully automatedalsodiffersfrom approachesuch
as[16] and[19] in thatinsteadof designingspecialpurposeim-
agefeaturesfor eachfacial action, we explore generalpurpose
learningmechanismdor data-drvenfacial expressionclassi ca-
tion. Thesemethodsmergemachineearningandbiologically in-
spiredmodelsof humanvision. Thesemechanismsanbeapplied
to recognitionof ary facial actiongiven a training dataset. The
approactdetectsiotonly changesn positionof featurepoints,but
alsochangesn imagetexture suchasthosecreatedoby wrinkles,
bulges,andchangesn featureshapes.

The appearancef a facial action and the direction of move-
ment frequently changewhen the action occursin combination
with otheractions.Combinationsaretypically handledby devel-
oping separateletectordor speci ¢ AU combinations.Herewe
addressecognitionof combinationdy traininga data-drvensys-
temto detectagivenactionregardles®f whetheiit appearsingly
or in combinationwith otheractions(contet independentecog-
nition). All actionsabovethresholdarerecordedor agivenframe.
A strengthof data-drvensystemsds thatthey learnthe variations
dueto combinationsandthey alsolearnthe mostlikely contexts
of anaction. It is an openquestionwhetherbuilding classi ers
for speci ¢ combinationdmprovesrecognitionperformanceand



thatis a topic of futurework. Nonlinearsupportvectormachines
have theaddedadwantageof beingableto handlemultimodaldata
distributionswhich canarisewith actioncombinations’

The numberof training sampleds animportantconsideration
for data-drven systemssuch asthe one presentechere. When
therewerelessthan15 datasamplesthe supportvectormachines
didn't learnthe discrimination. (We tested3 AU's thatcontained
7-11 datasamplesandall testexampleswere classi ed as AU-
absent.) This result supportsearlier ndings on the numberof
trainingexampleqd2]. Moreover, thefalsealarmrateis still some-
whathigh for applicationto the continuousvideo stream.A cur-
rentfocusof our work is to substantiallyincreasethe numberof
training sampleswhich is likely to decreas¢he falsealarmrate.
As the numberof training examplesincreasesglata-driven classi-

ers improve, andbecomemorerobustto context variations.We

arealsoaddingspontaneoufacial action samplego the training
setin collaborationwith Mark Frank at RutgersUniversity, and
evaluatingthe systemfor applicationto measurementf sponta-
neousfacialbehaior.

5 Futuredirections

The automatedfacial expressionmeasuremensystemsde-
scribedabove alignedfacesin the 2D plane. Section3 usedau-
tomaticallydetectedacewindows with no furtheralignmentand
Sectiod furtheralignedfacedn the2D planeusingautomaticeye
detection.Spontaneoubehaior cancontainconsiderabl@ut-of-
planeheadrotation, particularly during discourse.The accurag
of automatedacialexpressiormeasuremernhaybe considerably
improvedby 3D alignmentof faces Also, informationabouthead
movementdynamicsis animportantcomponenbf norverbalbe-
havior, andis measuredn FACS. Membersof this group have
developedtechniquedor automaticallyestimating3D headpose
in ageneratre model[15] andfor aligningfaceimagesn 3D. See

gure 6. In thenearfuture,this proceswill beintegratedinto our
systemnfor recognizingexpressiongrom videowith unconstrained
headmotion.

a. b. c.

Figure 6: Head poseestimationand warping to frontal views. a. 4
cameraviews of a subjectat oneinstant.b. Headposeestimatefor each
of 4 cameraviews. c. Faceimageswarpedto frontal.

We arepresentlyexploringapplicationf thissystenincluding
automatievaluationof human-robointeraction[12], anddeploy-
mentin automaticutoringsystemg14] andsocialrobots.We are
alsoexploring clinical applicationsjncluding psychiatricdiagno-
sisandmeasuringesponseo treatment.

6 Conclusions

We presenteda systematiccomparisonof machinelearning
methodsappliedto the problemof fully automaticrecognitionof

2whenthe classof kernelis well matchedto the problem. The distribution of
facialexpressiordatais notwell known, andthis questiorrequiresempiricalstudy
Severallabsin additionto ourshave foundarangeof RBF kernelsto be effective
for faceclassi®catiortasks.

facialexpressionsincluding AdaBoost,supportvectormachines,
andlineardiscriminantanalysis We reportedresultson aserieof
experimentomparingeatureselectiormethodsandrecognition
enginesBestresultswereobtainedoy selectinga subsebf Gabor

Iters usingAdaBoostandthentraining SupportVectorMachines
onthe outputsof the lters selectedby AdaBoost.The combina-
tion of Adaboostand SVM's enhancedoth speedandaccurag
of thesystem.

Thegeneralizatioperformanceo new subjectgor recognition
of full facialexpression®f emotionin a 7-way forcedchoicewas
93.3%,whichis the bestperformanceeportedsofar on this pub-
licly availabledataset.The machine-learnindpasedsystempre-
sentecherecanbe appliedto recognitionof ary facialexpression
dimensiongivenatrainingdatasetHerewe appliedthe systento
fully automatedacial actioncoding,andobtaineda meanagree-
mentrate of 94.5%for 18 AU's from the Facial Action Coding
System. This is the rst systemthat we know of for fully auto-
matedFACS coding of imageswithout an infrared eye position
signal. The outputsof the expressiorclassi erschangesmoothly
asafunction of time, providing informationaboutexpressiordy-
namicsthatwaspreviously intractableby handcoding.

Our resultssuggesthat userindependentfully automaticreal
time codingof facial expressionsn the continuousvideo stream
is an achievable goal with presentcomputerpower, at leastfor
applicationsin which frontal views canbe assumed.The prob-
lem of classi cationof facialexpressionsanbe solvedwith high
accurag by a simplelinear system after the imagesare prepro-
cessedy a bankof Gabor lters. Linear systemscarry a small
performancepenalty(92.5%insteadof 93.3%)but are fasterfor
real-timeapplications Featureselectionspeedsaip systemsased
onnon-linearSVM's into thereal-timerange.
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