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Abstract – We present a systematiccomparisonof machine
learningmethodsappliedto theproblemof fully automaticrecog-
nition of facial expressions.We exploredrecognition of facial ac-
tions from the Facial Action Coding System(FACS),as well as
recognition of full facial expressions. Each video-frameis �r st
scannedin real-timeto detectapproximatelyupright-frontalfaces.
Thefacesfoundare scaledinto image patchesof equalsize, con-
volvedwith a bankof Gaborenergy �lter s, and thenpassedto a
recognitionenginethatcodesfacial expressionsinto 7 dimensions
in real time: neutral, anger, disgust,fear, joy, sadness,surprise.
We report resultson a seriesof experimentscomparingrecogni-
tion engines,including AdaBoost,supportvectormachines,lin-
eardiscriminantanalysis,aswell asfeatureselectiontechniques.
Bestresultswere obtainedby selectinga subsetof Gabor �lter s
using AdaBoostand then training SupportVector Machineson
theoutputsof the�lter sselectedbyAdaBoost.Thegeneralization
performanceto new subjectsfor recognition of full facial expres-
sionsin a 7-wayforcedchoicewas93%correct, thebestperfor-
mancereportedso far on theCohn-KanadeFACS-codedexpres-
sion dataset. We also applied the systemto fully automatedfa-
cial actioncoding. Thepresentsystemclassi�es18 actionunits,
whetherthey occur singly or in combinationwith other actions,
with a meanagreementrateof 94.5%with humanFACScodesin
the Cohn-Kanadedataset. Theoutputsof the classi�ers change
smoothlyas a functionof time and thuscan be usedto measure
facial expressiondynamics.

Keywords: Facial expressionrecognition,facial action coding,
featureselection,machinelearning,supportvectormachines,Ad-
aBoost,lineardiscriminantanalysis.

1 Intr oduction
We presentresultson a userindependentfully automaticsys-

temfor realtime recognitionof basicemotionalexpressionsfrom
video.Thesystemautomaticallydetectsfrontal facesin thevideo
streamandcodeseachframewith respectto 7 dimensions:Neu-
tral, anger, disgust,fear, joy, sadness,surprise.A secondversion
of thesystemdetects18 actionunitsof theFacialAction Coding
System(FACS). We conductedempirical investigationsof ma-
chine learningmethodsappliedto this problem,including com-
parisonof recognitionenginesand featureselectiontechniques.
Bestresultswereobtainedby selectinga subsetof Gabor�lters
using AdaBoostand then training SupportVector Machineson
theoutputsof the �lters selectedby AdaBoost.Thecombination
of AdaBoostandSVM'senhancedbothspeedandaccuracy of the
system.Thesystempresentedhereis fully automaticandoperates
in real-time.

2 Facial ExpressionData
The facial expressionsystemwastrainedandtestedon Cohn

andKanade's DFAT-504dataset[8]. This datasetconsistsof 100
university studentsranging in age from 18 to 30 years. 65%
were female,15% wereAfrican-American,and3% wereAsian
or Latino. Videoswererecodedin analogS-videousinga camera
locateddirectly in front of the subject. Subjectswereinstructed
by an experimenterto performa seriesof 23 facial expressions.
Subjectsbeganeachdisplaywith a neutralface.Beforeperform-
ing eachdisplay, anexperimenterdescribedandmodeledthede-
sireddisplay. Imagesequencesfrom neutralto targetdisplaywere
digitized into 640 by 480 pixel arrayswith 8-bit precisionfor
grayscalevalues.

For our study, we selectedthe313sequencesfrom thedataset
thatwerelabeledasoneof the6 basicemotions.Thesequences
camefrom 90subjects,with 1 to 6 emotionspersubject.The�rst
andlast frames(neutralandpeak)wereusedastraining images
andfor testinggeneralizationto new subjects,for a total of 626
examples.The trainedclassi�erswerelater appliedto the entire
sequence.

2.1 Real-timeFaceDetection

We developeda real-timefacedetectionsystemthat employs
boostingtechniquesin a generative framework [6] and extends
work by [21]. Enhancementsto [21] include employing Gen-
tleboostinsteadof Adaboost,smart featuresearch,and a novel
cascadetraining procedure,combined in a generative frame-
work. Sourcecode for the face detectoris freely available at
http://kolmogorov.sourceforge.net. Accuracy on the CMU-MIT
dataset,a standardpublic datasetfor benchmarkingfrontal face
detectionsystems,is 90% detectionsand1/million falsealarms,
which is state-of-the-artaccuracy. The CMU testsethasuncon-
strainedlighting and background. With controlledlighting and
background,suchasthefacialexpressiondataemployedhere,de-
tectionaccuracy is muchhigher. Thesystempresentlyoperatesat
24 frames/secondona 3 GHz PentiumIV for 320x240images.

All facesin the DFAT-504 datasetweresuccessfullydetected.
The automaticallylocatedfaceswere rescaledto 48x48 pixels.
Thetypical distancebetweenthecentersof theeyeswasroughly
24 pixels. No further registrationwas performed. The images
were convertedinto a Gabormagnituderepresentation,using a
bankof Gabor�lters at 8 orientationsand9 spatialfrequencies
(2:32pixelspercycleat 1/2octavesteps)(See[10] and[11].



3 Classi�cation of Full Expressions of
Emotion

3.1 Support Vector Machines
We�rst examinedfacialexpressionclassi�cationbasedonsup-

port vector machines(SVM's). SVM's are well suited to this
task becausethe high dimensionalityof the Gabor representa-
tion O(105) doesnot affect training time, which dependsonly
on the numberof training examplesO(102). The systemper-
formeda7-wayforcedchoicebetweenthefollowing emotioncat-
egories:Happiness,sadness,surprise,disgust,fear, anger, neutral.
Methodsfor multiclassdecisionswith SVM's areinvestigatedin
[11]. Here, the seven-way forcedchoicewasperformedin two
stages.In stageI, supportvectormachinesperformedbinaryde-
cision tasksusingone-versus-allpartitioningof the data,where
eachSVM discriminatedoneemotionfrom everythingelse.Stage
II convertedthe representationproducedby the �rst stageinto a
probabilitydistributionover thesevenexpressioncategories.This
wasachieved by passingthe 7 SVM outputsthrougha softmax
competition.

Generalizationto novel subjectswas testedusing leave-one-
subject-outcross-validation,in whichall imagesof thetestsubject
wereexcludedfrom training.Resultsaregivenin Table1, Linear,
polynomial,andradial basisfunction (RBF) kernelswith Lapla-
cian,andGaussianbasisfunctionswereexplored.LinearandRBF
kernelsemploying a unit-width Gaussianperformedbest,andare
presentedhere.

3.2 Adaboost
SVM performancewasnext comparedto Adaboostfor emotion

classi�cation. The featuresemployed for the Adaboostemotion
classi�erweretheindividualGabor�lters. Thisgave9x8x48x48=
165,888possiblefeatures. A subsetof thesefeatureswas cho-
senusingAdaboost. On eachtraining round, the Gaborfeature
with thebestexpressionclassi�cationperformancefor thecurrent
boostingdistribution waschosen.Theperformancemeasurewas
a weightedsum of errorson a binary classi�cation task, where
theweightingdistribution (boosting)wasupdatedat everystepto
re�ect how well eachtrainingvectorwasclassi�ed.

Adaboosttrainingcontinueduntil theclassi�er outputdistribu-
tionsfor thepositiveandnegativesampleswerecompletelysepa-
ratedby a gapproportionalto thewidthsof the two distributions
(seeFigure1). Theunionof all featuresselectedfor eachof the7
emotionclassi�ersresultedin a total of 900features.

Classi�cation resultsaregiven in Table1. The generalization
performancewith Adaboostwascomparableto linear SVM per-
formance.Adaboosthadasubstantialspeedadvantage.Therewas
a180-foldreductionin thenumberof Gabor�lters used.Because
thesystememployedasubsetof �lter outputsatspeci�c imagelo-
cationstheconvolutionswerecalculatedin pixel spaceratherthan
Fourierspacewhich reducedthespeedadvantage,but it neverthe-
lessresultedin aspeedbene�t of over3 timesfasterthanthelinear
SVM.

3.3 Combining featureselectionby Adaboostwith
classi�cation by SVM' s

Adaboostis notonlyafastclassi�er, it is alsoafeatureselection
technique.An advantageof featureselectionby Adaboostis that
featuresareselectedcontingenton the featuresthathave already
beenselected.In featureselectionby Adaboost,eachGabor�lter

a. Numberof features b. Numberof features

Figure 1: Stoppingcriteria for Adaboosttraining. a. Output of one
expressionclassi®erduringAdaboosttraining. Theresponsefor eachof
the training examplesis shown asa function of numberfeaturesasthe
classi®ergrows. b. Generalizationerror asa function of the numberof
featureschosenby Adaboost.

Figure 2: SVM's learn weights for the continuousoutputsof
all 92160Gabor �lters. AdaBoostselectsa subsetof features
and learnsweights for the thresholdedoutputsof those�lters.
AdaSVM's learn weights for the continuousoutputsof the se-
lected�lters.

is a treatedasa weakclassi�er. Adaboostpicks thebestof those
classi�ers,andthenbooststheweightson theexamplesto weight
theerrorsmore.Thenext �lter is selectedastheonethatgivesthe
bestperformanceon theerrorsof theprevious�lter . At eachstep,
thechosen�lter canbeshown to beuncorrelatedwith theoutput
of theprevious�lters [7, 18].

We exploredtraining SVM classi�erson the featuresselected
by Adaboost.Whenthe SVM's weretrainedon the thresholded
outputsof the selectedGaborfeatures,they performedno better
thanAdaboost. However, we trainedSVM's on the continuous
outputsof theselected�lters. We informally call thesecombined
classi�ersAdaSVM.Theresultsareshown in Table1. AdaSVM's
outperformedboth Adaboost(z = 2:1; p = 0:2) and SVM's
(z = 2:6; p < :01)1. The resultof 93.3%accuracy for a user-
independent7-alternative forced choicewas encouraginggiven
that previously publishedresultson this databasewere 81-83%
accuracy (e.g. [3]). AdaSVM's alsocarrieda substantialspeed
advantageover SVM's. The nonlinearAdaSVM was over 400
timesfasterthanthenonlinearSVM.

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

1z refersto theZ-statisticfor comparingsuccessratesof Bernoulli randomvari-
ables;p is probabilitythatthetwo performancescomefrom thesamedistribution



Kernel Adaboost SVM AdaSVM LDApca

Linear 90.1 88.0 93.3 80.7
RBF 89.1 93.3

Table1: Leave-one-outgeneralizationperformanceof Adaboost,SVM's
andAdaSVM's. AdaSVM: Featureselectionby AdaBoostfollowed by
classi®cationwith SVM's. LDApca : Linear Discriminantanalysiswith
featureselectionbasedonprinciplecomponentanalysis.

Smallernumbersof supportvectorsproffer two advantages:(1)
the classi�cation procedureis faster, and (2) the expectedgen-
eralizationerror decreasesas the numberof supportvectorsde-
creases[20]. 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 successfulapproachto basicemotionrecognition

usedLinear DiscriminantAnalysis(LDA) to classifyGaborrep-
resentationsof images[13]. While LDA maybeoptimalwhenthe
classdistributions are Gaussian,SVM's may be more effective
whenthe classdistributionsarenot Gaussian.Table2 compares
LDA with linearSVM's. A smallridgetermwasusedin LDA.

Theperformanceresultsfor LDA weredramaticallylower than
SVMs. Performancewith LDA improved by adjustingthe de-
cision thresholdfor eachemotionso as to balancethe number
of falsedetectsand falsenegatives. This form of thresholdad-
justmentis commonlyemployedwith LDA classi�ers,but it uses
post-hocinformation,whereastheSVM performancewaswithout
post-hocinformation.Evenwith thethresholdadjustment,thelin-
earSVM performedsigni�cantly betterthanLDA. (SeeTables1
and2.)

3.4.1 FeatureselectionusingPCA

Many approachesto LDA alsoemploy PCA to performfeature
selectionprior to classi�cation. For eachclassi�er we searched
for thenumberof PCA componentswhich gave maximumLDA
performance,which was typically 40 to 70 components. The
PCAstepresultedin asubstantialimprovement.Thecombination
of PCA andthresholdadjustmentgave performanceaccuracy of
80.7%for the7-alternative forcedchoice,which wascomparable
to otherLDA resultsin the literature[13]. Nevertheless,the lin-
earSVM outperformedLDA evenwith thecombinationof PCA
andthresholdadjustment.SVM performanceon thePCA repre-
sentationwassigni�cantly reduced,indicatinganincompatibility
betweenPCAandSVM's for theproblem.

3.4.2 FeatureselectionusingAdaboost

We next examinedwhetherfeatureselectionby Adaboostgave
betterperformancewith LDA thanfeatureselectionby PCA.Ad-
aboostwasusedto select900 featuresfrom 9x8x48x48=165888
possibleGaborfeatureswhich werethenclassi�ed by LDA (Ta-
ble 2). Featureselectionwith Adaboostgave betterperformance
with theLDA classi�er thanfeatureselectionby PCA.UsingAd-
aboostfor featureselectionreducedthedifferencein performance
betweenLDA andSVM's. Nevertheless,SVM'scontinuedto out-
performLDA.

LDA SVM (linear)
Featureselection

None 44.4 88.0
PCA 80.7 75.5

Adaboost 88.2 93.3

Table2: ComparingSVM performanceto LDA with different feature
selectiontechniques.The two classi®ersarecomparedwith no feature
selection,with featureselectionby PCA, and featureselectionby Ad-
aboost.

3.5 Real-timeexpressionrecognitionfr om video
Wecombinedthefacedetectionandexpressionrecognitioninto

a systemthatoperateson live digital videoin real time. Facede-
tectionoperatesat 24 frames/secondin 320x240imageson a 3
GHzPentiumIV. Theexpressionrecognitionstepoperatesin less
than10msec.

Although eachindividual image is separatelyprocessedand
classi�ed,theoutputschangesmoothlyasa functionof time,par-
ticularly under illumination and backgroundconditionsthat are
favorablefor alignment.(SeeFigure3). Thisenablesapplications
for measuringthemagnitudeanddynamicsof facialexpressions.

Figure3: Outputsof theSVM's trainedfor neutralandsadnessfor a full
testimagesequenceof a subjectperformingsadnessfrom theDFAT-504
database.TheSVM output is the distanceto the separatinghyperplane
(themargin).

4 AutomatedFacial Action Coding
In orderto objectively capturethe richnessandcomplexity of

facialexpressions,behavioral scientistshavefoundit necessaryto
developobjectivecodingstandards.Thefacialactioncodingsys-
tem (FACS) [5] is the mostobjective andcomprehensive coding
systemin the behavioral sciences.A humancoderdecomposes
facial expressionsin termsof 46 componentmovements,which
roughlycorrespondto the 44 facial muscles.A longstandingre-

Figure4: Overview of fully automatedfacial actioncodingsys-
tem.



searchdirectionin theMachinePerceptionLaboratoryis to auto-
maticallyrecognizefacialactions(e.g.[4, 1, 2]. Threegroupsbe-
sidesourshave focusedon automaticFACSrecognitionasa tool
for behavioral research:[19, 17, 9]. Systemsto datestill require
considerablemanualinput, unlessinfrared signalsare available
for locatingtheeyes.

Herewe apply the systemdescribedabove to the problemof
fully automatedfacialactioncoding. Themachinelearningtech-
niquespresentedabove wererepeated,wherefacialactionlabels
replacedthebasicemotionlabels.Faceimagesweredetectedand
alignedautomaticallyin thevideoframesandsentdirectly to the
recognitionsystem.

The systemwas againtrainedon Cohn and Kanade's DFAT-
504 datasetwhich containsFACS scoresby two certi�ed FACS
codersin additionto thebasicemotionlabels.Automaticeye de-
tection[6] wasemployedto align theeyesin eachimage.Images
werescaledto 192x192,passedthrougha bankof Gabor�lters
at 8 orientationsand7 spatialfrequencies(4:32 pixels per cyc).
Outputmagnitudeswerethenpassedto nonlinearsupportvector
machinesusingRBFkernels.No featureselectionwasperformed,
althoughweplanto evaluatefeatureselectionby AdaBoostin the
nearfuture.

Therewere18 actionunitsfor which therewereat least15 ex-
amplesin thedataset.Separatesupportvectormachines,onefor
eachAU, were trainedto perform context-independentrecogni-
tion. In context-independentrecognition,the systemdetectsthe
presenceof a givenAU regardlessof theco-occurringAU's. Pos-
itiveexamplesconsistedof thelastframeof eachsequencewhich
containedtheexpressionapex. Negativeexamplesconsistedof all
apex framesthat did not containthe target AU plus neutralim-
agesobtainedfrom the�rst frameof eachsequence,for a total of
626-Nnegative examplesfor eachAU. Softmaxcompetitionwas
not includedin theautomatedFACScodingsystemsincemultiple
actionunits may be presentsimultaneously. Instead,all system
outputsabove thresholdwere treatedasdetections.Generaliza-
tion to new subjectswastestedusingleave-one-subject-outcross-
validation. Theresultsareshown in Table3. Systemoutputsfor
full imagesequencesof testsubjectsareshown in Figure5.

a.

b.

Figure5: AutomatedFACSmeasurementsfor full imagesequences.a.
Surpriseexpressionsequencesfrom 2 subjectsscoredby thehumancoder
as containingAU's 1,2 and 5. Curves show automatedsystemoutput
for AU's 1,2 and 5. b. Disgustexpressionsequencesfrom 2 subjects
scoredby the humancoderascontainingAU's 4,7 and9. Curvesshow
automatedsystemoutputfor AU's 4,7and9.

Thesystemobtaineda meanof 94.5%agreementwith human

AU Name N Agreement Nhit:FA

1 Innerbrow raise 123 93% 98:15
2 Outerbrow raise 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 Lower lid tight 85 87% 37:32
9 Nosewrinkle 43 99% 35:0
11 Nasolabialfurrow 23 96% 3:0
12 Lip cornerpull 73 98% 62:6
15 Lip cornerdepress 49 95% 27:12
17 Chin raise 124 91% 91:20
20 Lip stretch 51 96% 31:6
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

Table3: Performancefor fully automaticrecognitionof 18 facial ac-
tions,generalizationto novel subjects.N: Total numberof examplesof
eachAU, including combinationscontainingthat AU. Agreement:Per-
centagreementwith HumanFACScodes(positiveandnegativeexamples
classedcorrectly).Nhit:FA: Raw numberof hits andfalsealarms,where
thenumberof negative testsampleswas626-N.

FACS labels. The systemis fully automated,and performance
ratesare similar to or better than other systemstestedon this
datasetthatemployedvarying levelsof manualregistration. The
strongperformanceof our systemis the resultof many yearsof
systematiccomparisons,(suchas thosepresentedhere,andalso
in [4, 1]), investigatingwhich imagefeatures(representations)are
mosteffective, which classi�ers aremosteffective, optimal res-
olution and spatial frequency, featureselectiontechniques,and
comparing�o w-basedto texture-basedrecognition.

Theapproachto automaticFACScodingpresentedhere,in ad-
dition to beingfully automated,alsodiffersfrom approachessuch
as[16] and[19] in that insteadof designingspecialpurposeim-
agefeaturesfor eachfacial action, we explore generalpurpose
learningmechanismsfor data-drivenfacial expressionclassi�ca-
tion. Thesemethodsmergemachinelearningandbiologically in-
spiredmodelsof humanvision. Thesemechanismscanbeapplied
to recognitionof any facial actiongiven a training dataset. The
approachdetectsnotonlychangesin positionof featurepoints,but
alsochangesin imagetexturesuchasthosecreatedby wrinkles,
bulges,andchangesin featureshapes.

The appearanceof a facial actionand the directionof move-
ment frequentlychangewhen the action occursin combination
with otheractions.Combinationsaretypically handledby devel-
oping separatedetectorsfor speci�c AU combinations.Herewe
addressrecognitionof combinationsby trainingadata-drivensys-
temto detectagivenactionregardlessof whetherit appearssingly
or in combinationwith otheractions(context independentrecog-
nition). All actionsabovethresholdarerecordedfor agivenframe.
A strengthof data-drivensystemsis that they learnthevariations
dueto combinations,andthey alsolearnthemostlikely contexts
of an action. It is an openquestionwhetherbuilding classi�ers
for speci�c combinationsimprovesrecognitionperformance,and



that is a topic of futurework. Nonlinearsupportvectormachines
havetheaddedadvantageof beingableto handlemultimodaldata
distributionswhichcanarisewith actioncombinations.2

The numberof training samplesis an importantconsideration
for data-driven systemssuchas the one presentedhere. When
therewerelessthan15datasamples,thesupportvectormachines
didn't learnthediscrimination.(We tested3 AU's thatcontained
7-11 datasamples,andall testexampleswereclassi�ed asAU-
absent.) This result supportsearlier �ndings on the numberof
trainingexamples[2]. Moreover, thefalsealarmrateis still some-
whathigh for applicationto thecontinuousvideostream.A cur-
rent focusof our work is to substantiallyincreasethenumberof
trainingsamples,which is likely to decreasethe falsealarmrate.
As thenumberof trainingexamplesincreases,data-drivenclassi-
�ers improve,andbecomemorerobust to context variations.We
arealsoaddingspontaneousfacialactionsamplesto the training
set in collaborationwith Mark Frankat RutgersUniversity, and
evaluatingthe systemfor applicationto measurementof sponta-
neousfacialbehavior.

5 Futur e dir ections
The automatedfacial expressionmeasurementsystemsde-

scribedabove alignedfacesin the 2D plane. Section3 usedau-
tomaticallydetectedfacewindowswith no furtheralignment,and
Section4 furtheralignedfacesin the2D planeusingautomaticeye
detection.Spontaneousbehavior cancontainconsiderableout-of-
planeheadrotation,particularlyduring discourse.The accuracy
of automatedfacialexpressionmeasurementmaybeconsiderably
improvedby 3D alignmentof faces.Also, informationabouthead
movementdynamicsis animportantcomponentof nonverbalbe-
havior, and is measuredin FACS. Membersof this group have
developedtechniquesfor automaticallyestimating3D headpose
in agenerativemodel[15] andfor aligningfaceimagesin 3D. See
�gure 6. In thenearfuture,thisprocesswill beintegratedinto our
systemfor recognizingexpressionsfromvideowith unconstrained
headmotion.

a. b. c.

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

Wearepresentlyexploringapplicationsof thissystemincluding
automaticevaluationof human-robotinteraction[12], anddeploy-
mentin automatictutoringsystems[14] andsocialrobots.Weare
alsoexploring clinical applications,includingpsychiatricdiagno-
sisandmeasuringresponseto treatment.

6 Conclusions
We presenteda systematiccomparisonof machinelearning

methodsappliedto theproblemof fully automaticrecognitionof

2whentheclassof kernelis well matchedto theproblem. Thedistribution of
facialexpressiondatais notwell known, andthisquestionrequiresempiricalstudy.
Several labsin additionto ourshave founda rangeof RBF kernelsto beeffective
for faceclassi®cationtasks.

facialexpressions,includingAdaBoost,supportvectormachines,
andlineardiscriminantanalysis.Wereportedresultsonaseriesof
experimentscomparingfeatureselectionmethodsandrecognition
engines.Bestresultswereobtainedby selectingasubsetof Gabor
�lters usingAdaBoostandthentrainingSupportVectorMachines
on theoutputsof the �lters selectedby AdaBoost.Thecombina-
tion of AdaboostandSVM's enhancedboth speedandaccuracy
of thesystem.

Thegeneralizationperformanceto new subjectsfor recognition
of full facialexpressionsof emotionin a7-way forcedchoicewas
93.3%,which is thebestperformancereportedsofar on this pub-
licly availabledataset.The machine-learningbasedsystempre-
sentedherecanbeappliedto recognitionof any facialexpression
dimensiongivena trainingdataset.Hereweappliedthesystemto
fully automatedfacialactioncoding,andobtaineda meanagree-
ment rateof 94.5%for 18 AU's from the Facial Action Coding
System. This is the �rst systemthat we know of for fully auto-
matedFACS codingof imageswithout an infraredeye position
signal.Theoutputsof theexpressionclassi�erschangesmoothly
asa functionof time,providing informationaboutexpressiondy-
namicsthatwaspreviously intractableby handcoding.

Our resultssuggestthatuserindependent,fully automaticreal
time codingof facial expressionsin thecontinuousvideostream
is an achievablegoal with presentcomputerpower, at least for
applicationsin which frontal views canbe assumed.The prob-
lemof classi�cationof facialexpressionscanbesolvedwith high
accuracy by a simple linear system,after the imagesareprepro-
cessedby a bankof Gabor�lters. Linear systemscarry a small
performancepenalty(92.5%insteadof 93.3%)but arefasterfor
real-timeapplications.Featureselectionspeedsupsystemsbased
onnon-linearSVM's into thereal-timerange.
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