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Abstract

We presenta systematiccomparisonof madine learning
methodsappliedto the problemof fully automaticrecayni-

tion of facial expressionsincludingAdaBoostsupportvec-
tor madines,andlinear discriminantanalysis.Eac video-
frameis r st scannedn real-timeto detectapproximately
upright-frontal faces. Thefacesfound are scaledinto im-

age patchesof equal size corvolvedwith a bank of Ga-
bor enepy lIter s, andthenpassedo a recanition engine
thatcodedacial expressionsnto 7 dimensionsn realtime:

neutrl, anger, disgust,fear, joy, sadnesssurprise We re-

port resultson a seriesof experimentscomparingspatial
frequencyranges, featue selectiontechniques,and recay-

nition engines. Bestresultswere obtainedby selectinga

subsetof Gabor Iter s using AdaBoostand then training

SupportVector Machineson the outputsof the lter s se-
lectedby AdaBoostThegenealizationperformanceo nev

subjectdor a 7-wayforcedchoicewas93%or more correct
ontwo publiclyavailabledatasetsthebestperformancee-

portedsofar onthesedatasetsTheoutputsof theclassi er

change smoothlyasa functionof timeandthuscanbeused
for unobtrusivesxpressiordynamicscaptuie. We developed
an end-to-endsystenthat providesfacial expressioncodes
at 24 framesper secondand animatesa computergener

atedcharacter In real-timethis expressionmirror operates
downto resolutionsof 16 pixelsfrom eyeto eye We also
appliedthe systento fully automatedacial actioncoding

1. Intr oduction

We presentresultson a userindependenfully automatic
systemfor realtime recognitionof basicemotionalexpres-
sionsfrom video. The systemautomaticallydetectsrontal
facedn thevideostreamandcodeseachframewith respect
to 7 dimensions:Neutral,anger disgust fear, joy, sadness
surprise We conductegempiricalinvestigation®f machine
learningmethodsappliedto this problem,including com-
parisonof recognitionenginesfeatureselectiortechniques,
spatialfrequeng rangesandmethodsfor multiclassdeci-
sionswith binary classi ers. Bestresultswereobtainedby
selectingasubsebf Gabor lters usingAdaBoostandthen
training SupportVectorMachineson the outputsof the |-
tersselectedby AdaBoost. The combinationof AdaBoost
and SVM's enhancedoth speedand accurayg of the sys-
tem. The systempresentedereis fully automaticandop-

eratesn real-timeatahigh level of accurag (93%general-
izationto new subjectn a 7-alternatve forcedchoice).

2. Facial ExpressionData

The facial expressionsystemwas trained and testedon
Cohnand Kanades DFAT-504 datasef{15]. This dataset
consistof 100universitystudentsangingin agefrom 18to
30 years. 65% werefemale,15% were African-American,
and3% wereAsianor Latino. Videoswererecodedn ana-
log S-videousinga cameraocateddirectly in front of the
subject.Subjectsvereinstructedoy anexperimenteto per
form a seriesof 23 facial expressions.Subjectsbeganand
endedeachdisplaywith a neutralface. Before performing
eachdisplay an experimenterdescribedand modeledthe
desireddisplay Imagesequencefom neutralto targetdis-
play weredigitized into 640 by 480 pixel arrayswith 8-bit
precisionfor grayscalevalues.

For our study we selectedthe 313 sequencefrom the
datasethat were labeledas one of the 6 basicemotions.
Thesequencesamefrom 90 subjectswith 1 to 6 emotions
per subject. The rst andlast frames(neutraland peak)
wereusedastraining imagesandfor testinggeneralization
to new subjectsfor a total of 625 examples. The trained
classi erswerelaterappliedto the entiresequence.

2.1 Real-time FaceDetection

We developeda real-time face detectionsystemthat em-
ploys boostingtechniquesn a generatre framewvork [11]
and extendswork by [28]. Enhancementto [28] include
the use of continuousnon-lineartransferfunctionsrather
than binary thresholdfunctions,smartfeaturesearch,and
a novel cascadéraining procedurecombinedin a genera-
tive framework. Sourcecodefor the facedetectoris freely
availableat mplahucsd.eduThefacedetectorwastrained
on 5000facesandmillions of non-facepatchesrom about
8000imagescollectedfrom theweb by CompagResearch
Laboratories.Accurag onthe CMU-MIT dataseta stan-
dard public datasetfor benchmarkingrontal face detec-
tion systemsis 90% detectionsand 1/million falsealarms,
whichis state-of-the-araccurag. TheCMU testsethasun-
constrainedighting andbackgroundWith controlledlight-
ing andbackgroundsuchasthe facial expressiondataem-
ployedhere,detectioraccurag is muchhigher Thesystem



presentlyoperatesat 24 frames/secondn a 3ghzPentium
IV for 320x240images.

All facesin the DFAT-504 datasetveresuccessfullyde-
tected. The automaticallylocatedfaceswere rescaledto
48x48pixels. The typical distancebetweenthe centersof
the eyeswasroughly 24 pixels. Many otherapproacheo
automatidacial expressiorrecognitionincludeexplicit de-
tectionandalignmentof internalfacial features.We found
that further registrationbasedfacial featureswas not nec-
essaryfor this task,thusproviding considerablesavingsin
processingime, without sacri cing performance Theim-
agesverecorvertedinto aGabormmagnitudeepresentation,
usinga bankof Gabor lters at8 orientationsand5 spatial
frequencie44:16 pixelspercycle at 1/2 octave steps)18].

3. Facial ExpressionClassi cation

We rst examinedfacial expressiorclassi cationbasedon

supportvectormachineSVM's). SVM's arewell suited
to this task becausehe high dimensionalityof the Gabor
representatio®(10°) doesnot affect training time, which

dependsonly on the numberof training examplesO(10?).

The systemperformeda 7-way forced choicebetweenthe
following emotioncateyories:Happinesssadnesssurprise,
disgustfear, anger neutral.

3.1 Strategiesfor multiclass decisionswith
SVM's

Supportvectormachinesnake binary decisions.Thereare
a numberof methodsfor makingmulticlassdecisionswith
a setof binary classi ers. (See[14] for areview). Here,
the seven-way forced choicefor six emotionsplus neutral
wastrainedin two stages.In stagel, supportvector ma-
chinesperformedbinary decisiontasks.We exploredthree
approacheso training binary decisions: one-\ersus-one,
one-\ersus-allandall possiblepartitions.Stagell corverts
therepresentatioproducedby the rst stageinto a proba-
bility distribution over the seven expressiorcateyories. To
this effect, we have implementedandevaluatedseveral ap-
proachesK-nearesneighbora simplevoting schemeand
multinomiallogistic ridge regression.

I. Partitioning into binary decisions. Therearea num-
ber of stratgjiesfor partitioningthe classi cationtaskinto
binary decisions.The simpleststratey is to train 1 versus
all. Pairwisepartitioningstratgjieshave beenadwcatedby
[17] and[24], whereathers(e.g. [7]) adwocateexploring
the spaceof all possiblepartitions.

For pairwise partitioning (1:1), SVM's were trainedto
discriminateall pairsof emotions.For sevencateyoriesthat
makes21 SVM's. In 1:1 partitioning,the numberof train-
ing sampledor eachSVM mayberelatively small. If some
subjectsperformedsomeexpressionsandnot others,asin
this datasetjdentity signalscaninterferewith thelearning
of expressionTo avoid this,wetrainedonidentity-matched
pairs, wherefor example,the happy vs. surpriseSVM is
trainedon only thosesubjectswho gave samplesof both
happinessand surprise. An alternatve to training SVM's

to discriminateeachpair of emotionswasto train SVM's
to discriminateone emotionfrom everything else (1:all).
This stratggy employed a larger numberof training exam-
ples, 626, which diluted identity effects. An extensionof
the 1:all approachwasto considerall possiblenon-trivial
binary partitionsof the classes.With 7 classesthereare
seven 1:6 classi ers, twenty one 2:5 classi ers and thirty
ve 3:4classi ers.

[I. Combining outputs of multiple binary classi ers. In
thesystenpresentedhere the SVM outputswerecombined
to make a 7 alternatve forced choice. The mostcommon
way to combineSVM outputsfor multiclassdecisionsis
by voting. This procedurecountsthe numberof stagel
classi ersalignedwith eachemotion. For example,if one
SVM indicateshappinessand not surprise,happinesgets
+1 andsurprisegets-1. Thesevotesare summedover all
of the SVM's. Softmaxensuresachclassis allocateda
numberbetween0 and 1, with unit sumover classes.We
alsoexploreda variationon voting which usesthe sum of
the classi er mamgins, which aretypically clusteredaround
+1 or -1, insteadof the binary outputs.This variationmade
little difference,andthe voting resultspresentechereuse
binaryoutputs.

We comparedotingto nearesheighborandto alearned
mapping basedon multinomial logistic ridge regression
(MLR). In nearestneighbor the continuousSVM out-
put (the mamgin) for eachof the n SVM's gives an n-
dimensionapatternvector Thetestimageis assignedhe
classof thetrainingimagewith the shortestEuclideandis-
tancebetweertheir patternvectors.MLR learnstheweight
matrix that mapsthe outputsof Stageone classi ersonto
the 7 emotions. MLR is a maximumlikelihoodapproach,
whichis equivalentto a singlelayerperceptrorwith weight
decayandwith SoftMax competitionbetweerthe outputs.
SVM's arein somesensethe limiting caseof MLR asthe
ridge term goesto zero. The regressionwasimplemented
usingthe Newton-Raphsomethodanda ridgetermcoef-
cientof 0:001 Theadwantageof thisdata-dependestcond
stageis thatit could learncommonconfusionsand biases
whichleadto errorsin adirectvoting situation.

Nnbr Voting MLR

linear 11 827 816 858

SVM's L:all 816 86.2 875
allposs.| 83.0 87.2 894

nonlinear 11 83.2 829 86.1
SVM's L:all 814 88.0 89.8
allposs.| 85.1 89.9 90.4

Table1: Comparisorof stratgiesfor multiclassdecisionsusing
SVM's.

Results Generalizatiorio novel subjectsvastestedusing
leave-one-subject-oudross-alidation. Resultsaregivenin
Tablel. Linear, polynomial,and RBF kernelswith Lapla-
cian and Gaussiarbasisfunctionswere explored. Linear



andGaussiafRBF kernelsperformedestandarepresented
here. The latter shaved very low sensitvity to Gaussian
width parameter
Thesoftmamgin approachallowing sometrainingexamples
to lie within themaugin, wasnotused sinceit wasnotfound
to improve generalization.

For Stagel, partitioningthe classi cation taskinto bi-
narydecisions 1:all usuallyoutperformedL:1 partitioning,
andall possiblepartitionsgave the bestperformance. Of
the Stagell stratgiesfor combiningthe outputsof multiple
SVM'sinto a 7-way forcedchoice,MLR wassubstantially
betterthan nearesineighbor(5.3 percentageoints). Vot-
ing was slightly but consistentliylesseffective than MLR,
typically 1.3 percentor 1:all andall partitions.

Forthecomparisoné thesubsequergectionsl:all par
titioning followed by voting wasemployed dueto training
speed.Theoptimalstratgiesdeterminedn this section(all
possiblepartitionsandMLR) will bereintroducedn the -
nal system.

3.2 SVM'sand Adaboost

SVM's and Adaboostare both well suitedto the tasksde-
scribedin this paper becausehey cancopewith verylarge
representatiorspace,they generalizewell, perform deci-
sionsin real-timeandaresimpleto train. Herewe review
the similarities betweenSVM's and Adaboost,as well as
shav wherethetwo algorthmsdiverge.

SVM's and Adaboostare both large margin classi ers.
Thetwo approachesanbethoughtof asmaximizingamar
ginthatdepend®ntheweights andthehypotheseh [12],
althoughAdaboostoesnotusuallyattainthemaximum.In
bothclassi ers,themain is of thefollowing form:

max min % (1)

wherex; andy; aretheinputandlabelfor trainingexample
i.

Onedifferencebetweerthe classi ersis thatthe norms
in the demoninatoof Equationl are2-normsfor the stan-
dardform of the SVM, whereador Adaboostthereis a 1-
normof andanin nity normof h. In ahigh dimensional
space thesedifferencescould leadto large differencesn
performance.

Therearetheoreticaupperboundson thegeneralization
errorsfor theseclassi ers, ([12],[4]). In practicehowever,
the empirical errorsare well belon theseboundsand the
theoreticalimit doesnot predictwhich classi er will work
bestin a givenappliedsetting.

The two approachesoth concentrateon borderlineex-
amples, examplesthat are more dif cult to classify al-
thoughthey may differ somavhatin which examplesare
consideredorderline. In SVM's the decisionboundaryis
de ned by thosetraining exampleswhich areclosestto the
separatindiyperplaneandwhich canbe thoughtof asthe
mostdif cult to classify In Adaboostthe misclassi edex-
amplesare boostedrelative to the othertraining examples
duringlearning.However, SVM selectparticularexamples
(supportvectors)while adaboosselectdeatures.

root meansquarepairwisedistances.

We comparedsVM'sto Adaboosbnthetaskof emotion

classi cation. Thefeaturesemployedfor the emotionclas-
si er weretheindividual Gabor lters. Therewere5 spatial
scaleq4:16pixelspercycle), 8 orientationsand48x48im-
agelocations,giving 5x8x48x48=92,16 possiblefeatures.
A subsebf thesefeatureavaschoserusingAdaboost.On
eachtraininground,the Gaborfeaturewith thebestclassi -
cationperformancéor thecurrentboostingdistributionwas
chosen.The performancaneasuravasa weightedsumof
errorson a binary classi cationtask, wherethe weighting
distribution (boosting)was updatedat every stepto re ect
how well eachtraining vectorwasclassi ed. Adaboosthad
an externalparameterconsistingof the numberof training
roundsfor eachemotion.We chosethis parametesuchthat
therewasno trainingerrorandthe generalizatiorerrorwas
at. (seeFigurel). Theunion of all featuresselectedfor
eachof the 7 emotionclassi ersresultedin a total of 538
features.Whenwe increasedhe numberof the numberof
frequeniedrom 5 to 9 in Section3.3, the total numberof
selectedeaturesvas900.

Classi cationresultsaregivenin Table2. Thegeneral-
ization performanceavith Adaboostwascomparabléo lin-
ear SVM performance.Adaboosthad a substantiakpeed
adwantageasshavn in Table3. Therewasa 170-fold re-
ductionin the numberof Gabor Iters used. The convo-
lutions were calculatedin pixel space ratherthan Fourier
spacewhich reducedhe advantageof featureselection put
it neverthelessesultedn a substantiakpeedene t.
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Figure 1: Stoppingcriteriafor Adaboosttraining. a. Outputof
oneexpressiorclassi er during Adaboosttraining. Theresponse
for eachof thetrainingexampless shavn asafunctionof number
featuresastheclassi er grows. b. Generalizatiorerrorasafunc-
tion of thenumberof featurexhoserby Adaboost.Generalization
errordid notincreasewith ‘overtraining'.

3.3 Combining feature selectionby Adaboost
with classi cation by SVM's

SVM's have beenshavn to performbetterwhenthefeature
spaces densemeaningthateachfeatureis highly relevant
to the problem[25]. We exploredtraining SVM classi ers
onthefeatureselectedy Adaboost Adaboosis notonly a
fastclassi er, it is alsoafeatureselectiontechnique An ad-
vantageof featureselectionby Adaboosis thatfeaturesare
selectedcontingenton the featuresthat have alreadybeen
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Figure2: SVM's learnweightsfor the continuousoutputs
of all 92160 Gabor Iters. AdaBoostselectsa subsetof

featuresandlearnsweightsfor the thresholdedutputsof

those Iters. AdaSVM's learnweightsfor the continuous
outputsof theselectedlters.

selected.In featureselectionby AdaboosteachGabor I-
teris atreatedasaweakclassi er. Adaboostpicksthebest
of thoseclassi ers,andthenbooststhe weightson the ex-
amplego weightthe errorsmore. Thenext lter is selected
asthe onethat givesthe bestperformanceon the errorsof
the previous Iter. At eachstep,the chosenlter canbe
shavn to be uncorrelatedwith the output of the previous
Iters [13, 12].

SVM's were trained on the featuresselectedby Ad-
aboost. Whenwe trained SVM's on the thresholdedut-
putsof the selectedsaborfeaturesthey performedno bet-
ter than Adaboost. However, we trained SVM's on the
continuousoutputsof the selectedlters. We informally
call thesecombinedclassi ers AdaSVM. AdaSVM's out-
performedstraight Adaboostby 3.8 percentpoints, a dif-
ferencethat was statistically signi cant (z=1.99,p=0.02).
AdaSVM's outperformedSVM's by anaverageof 2.7 per
centpoints,animprovementhatwasmaminally signi cant
(z = 1.55,p = 0.06). Adaboostand AdaSVM's are much
fasterin application.

! kernel | Adaboost SVM AdaSVM
4:16 Linear 87.2 86.2 88.8
4:16 RBF 88.0 90.7
2:32 Linear 90.1 88.0 93.3
2:32 RBF 89.1 93.3
Table 2: Leave-one-outgeneralizationperformanceof Ad-

aboost,SVMs and AdaSVM's (48x48images).! : Gaborwave-
lengthrange sampledat 0.5 octave intenals.

Distrib ution of spatial fr equencieselectedby Adaboost.
The Gaborfeaturesselectedby AdaBoostprovide onein-
dication of the spatial frequenciesthat are important for
this task. Figure 3 shawvs the numberof chosenfeatures

SVM Adaboost AdaSVM
Lin RBF | Lin RBF
Timet t 90t 0.01t 0.01t 0.0125t
Timet® | t 90t 0.16t | 0.16t 0.2t
Memory | m  90m 3m 3m 3.3m

Table3: Processingime andmemoryconsiderationsTime t°
includesthe extra time to calculatethe outputsof the 538 Gabors
in pixel spacdor AdaboostandAdaSVM, ratherthanthefull FFT
emplg/edby the SVM's.

at eachof the 5 wavelengthsused. Examinationof this
frequeng distribution suggestedhata wider rangeof spa-
tial frequenciesparticularlyin the high spatialfrequencies,
couldpotentiallyimprove performancelndeed by increas-
ing from 5 to 9 spatial frequencies(2:32 pixels per cy-
cle at 0.5 octave steps),performanceof the AdaSVM im-
proved to 93.3% correct. (SeeTable 2.) At this spatial
frequeng range the performancexdvantageof AdaSVM's
was greater AdaSVM's outperformedboth AdaBoost
(z=2.1,p=.02) and SVM's (z=2.6, p< .01). Moreover, as
theinputsizeincreasesthe speecadvantageof AdaSVM's
becomeseven more apparent. The full Gaborrepresenta-
tion was 7 times larger than before, whereasthe number
of Gaborsselectedby Adaboostonly increasedy a factor
of 1.7. This systemobtained93.3% accurag on a user
independent-alternatve forced choice. Previously pub-
lishedresultsonthis databasevere80-88%(e.g.[3, 29, 6]).

a. 5Gaborfrequencies b. 9 Gaborfrequencies

Figure 3: Frequeng distribution of featuresselectedby Ad-
aboost. y-axisis the numberselectedeatures. x-axis is the fre-
queng of theGabor lters, in cyclesperfacea) For 5 frequencies,
rangingfrom 3 to 12 in half octave intenals, the distribution was
skewed to the higher frequencies.b) For 9 frequenciesanging
from 3 up to 48, the distribution was more balanced peakingat
roughly 17 cyclesperface.

We then reintroducedthe approachesto multiclass
SVM'sfoundto beoptimalin Section3.1,andappliedthem
to the AdaSVM system.Resultsfor usingall possibleclass
partitionsandtraininganMLR matrix insteadof voting are
shavnin Table4. Theperformancenhancememith these
approachess small, if arny. Optimal performancewith the
AdaSVM wasobtainedwith the simplerparadigmof 1:all
partitions and voting, which is a considerablesavings in
trainingtime over all possiblepartitionsandMLR.



SVM AdaSvVM AdaSVM AdaSVM
Partitioning | 1:all L:all all poss. all poss.
Combining | vote vote vote MLR

‘ 89.8 93.1 93.8 93.5

Table 4. Performanceof all possiblepartitionsand MLR for
AdaSVM's. Performances shavn for nonlinear SVM's and
AdaSVM's (with 900 features)for 96x96 imagesand 9 Gabor
wavelengthq2:32).

Number of Support Vectors We next examinedthe ef-
fectof featureselectionby Adaboosion thenumberof sup-
port vectors. Smallernumbersof supportvectorsproffer
two adwantages:(1) the classi cation procedureis faster
and (2) the expectedgeneralizatiorerror decreasess the
numberof supportvectorsdecreasef27]. The numberof
supportvectorsfor the linear SVM rangedfrom 10 to 33
percentof the total numberof training vectors. Nonlinear
SVM's employed 14 to 43 percent,despitebetter gener
alization performance. Featureselectionby Adaboostre-
ducedthe numberof supportvectorsemployedby the non-
linearSVM in the AdaSVM systemto 12to 26 percent.

4 Comparison to Linear Discrimi-
nant Analysis

A previous successfubpproacho basicemotionrecogni-
tion usedLinear DiscriminantAnalysis (LDA) to classify
Gaborrepresentationsf images[20]. While LDA maybe
optimal whenthe classdistributions are GaussianSVM's
may be more effective when the class distributions are
not Gaussian.Table5 compared DA with linear SVM's.
The classi ersweretestedon 48x48imagesusingthe nine
wavelengthGaborrepresentatiorf2:32 pix/cyc). A small
ridgetermwasusedin LDA.

The performanceresults for LDA were dramatically
lowerthanSVMs. Performancevith LDA improvedby ad-
justingthe decisionthresholdfor eachemotionsoasto bal-
ancethe numberof falsedetectsandfalsenegatives. This
approachis labeledLDA in Tables5 and 6. This form
of thresholdadjustmenis commonlyemployedwith LDA
classi ers, but it usespost-hocinformation, whereasthe
SVM performancevaswithoutpost-hodnformation.Even
with the thresholdadjustmentthe linear SVM performed
signi cantly better

4.1 Feature selectionusing PCA

Many approache® LDA alsoemploy PCAto performfea-
ture selectionprior to classi cation. For eachclassi er we
searchedor the numberof PCA componentsvhich gave
maximumLDA performanceywhich wastypically 40to 70
components. The PCA stepresultedin a substantiaim-
provement. The combinationof PCA and thresholdad-
justmentgave performanceaccurag of 80.7% for the 7-

alternatve forced choice,which was comparableto other
LDA resultsin the literature[20]. Neverthelessthe lin-
earSVM outperformed_DA evenwith the combinationof
PCA andthresholdadjustment.SVM performanceon the
PCArepresentatiomassigni cantly reducedindicatingan
incompatibility betweenPCA and SVM's for the problem.
PCAis anunsupervisefeatureextractionmethodandmay
focuson aspect®f the imagevariability that happeno be
irrelevantto thetask. Adaboostexplicitly focussesn fea-
turesrelevantto thetaskat hand.

4.2 Feature selectionusing Adaboost

We next examinedwhetherfeatureselectionby Adaboost
gave betterperformancewith LDA than featureselection
by PCA. Adaboostwas usedto select900 featuresfrom

9x8x48x48=16588 possible Gabor featureswhich were
then classi ed by LDA (Table5). Featureselectionwith

Adaboostgave betterperformancewith the LDA classi er
thanfeatureselectionby PCA. Using Adaboosffor feature
selectionreducedthe differencein performancebetween
LDA andSVM's. NeverthelessSVM's continuedto out-
performLDA.

LDA SVM (linear)
Featureselection

None 44.4 88.0
PCA 80.7 75.5
Adaboost 88.2 93.3

Table5: Top Row: ComparingSVM performanceto LDA on
48x48pixel images.Thetwo classi ersarecomparedvith nofea-
tureselectionwith featureselectiorby PCA, andfeatureselection
by Adaboost.

4.3 Imagealignment

Anotherdifferencefrom previousimplementation®f LDA
for expressiorrecognitionwasimagealignment.WasLDA
moresensitve to alignmentnoisethanSVM's? Expression
recognitionperformanceusing the automaticallydetected
faceimageswas comparedto performanceusing images
that were aligned using hand-labelingof internal feature
points. Six pointson eachfaceimagewere manuallylo-
catedwith a mouse(the cornersof eacheye, the nosetip,
and the mouth center). Eye centerswere de ned as the
meanof the eye corners. Imageswerethenrotatedin the
planeso that the eyes were horizontaland scaledto align
the eye centersaswell asthe midpointbetweerthe mouth
andnosetip.

As shown in Table6, the handalignmentofferedno im-
provementin performanceover the automaticallyaligned
faceimagesfor eitherLDA or SVM's. Thisis in partdue
to thefactthatthe imagesarealreadyfrontal (up to 10 de-
grees)andupright. This would not generalizeo signi cant
posevariations.



| PCA-LDA SVM AdaSVM

80.7
76.8

88.0
86.2

93.3
91.3

FaceFinder
HandAligned

Table6: Comparisorof performancevith automaticallylocated
faceq(top row) andhandalignedfaceg(lower row).

5. Generalizationto other datasets

We testedthe systemon a secondpublicly available data
set, Picturesof Facial Affect (POFA) [9]. POFA contains
110imagesrom 14 subjectposingfacialexpressionsThe
facialdisplayswereguidedby Ekmans obsenationsof the
facialexpression®f basicemotion. The bestpublishedre-
sultonthisdatasetintil now [5] is 90%,but thiswasamean
overasetof two-way forcedchoices.In this paperwe con-
ducta 7-wayforcedchoice wherechances 14%insteadof
50%.

Resultsare shovn in Table7. AdaSVM's trainedand
testedon this datasetusing leave one subjectout cross-
validation obtained97.3% accurag with a linear kernel,
and 95.5%with an RBF kernel. Featureselectionby Ad-
aboosthad a signi cant impact on performancefor this
dataset.SVM's trainedon the full setof Gaborsobtained
only 79.1%correct. Featureselectionmay be particularly
importantfor training SVM's on smallerdatasetsuchas
this. We arecurrentlycollectinga datasebf 250thousand
imagedo investigatehis problemfurther.

Training and testingon a combineddatasetconsisting
of both DFAT-504 and POFA alsogave strongrecognition
results.Generalizatiomperformancevasagaintestedusing
leave-one-subject-oudross-alidation.

AdaSVM AdaSVM

linear RBF

PORA 97.3 95.5

DFAT-504+POR 91.4 93.1

Train: DFAT-504 Test: POFA 56.0 60.0

Table7: Generalizatiorperformancausingleave-one-outcross-
validationonthe POFA datasetloneandonthecombinedDFAT-
504 and POFA datasets.The bottomrow gives performanceor
trainingon DFAT-504 andtestingon POFA. The AdaSVMswere
testedfor 96x96 images,9 frequenciesand 953 Adaboostfea-
tures.

Generalizatioracrossdatasetsvas substantiallylower.
A nonlinearAdaSVM trainedon DFAT-504 andtestedon
POFA obtained60% correct. This highlightsthe needfor
largetraining dataset®f facial expressionswith variations
in imageconditionsin orderto generalizeacrosimagecol-
lectionervironments While the FaceFinderwastrainedon
alarge numberof faces(5000positive andmillions of neg-
ative examples)with mary lighting conditionsandotherir-
regularities,the only conditionbeingroughly frontal pose,
the expressioncoderwas trainedon a single datasetwith

a uniformly controlledervironment. The resultis thatthe
face nder is robustto real-world applicationwhile the ex-
pressiorcoderperformswell only within a givendatasebr
combinationof datasets.

6 Real-time expression recognition
from video

We combinedhefacedetectiorandexpressiorrecognition
into a systemthatoperatesn live digital videoin realtime.
Facedetectioroperatest 24 frames/seconth 320x240m-

ageona3ghzPentiumlV. Theexpressiorrecognitionstep
operatesn lessthan10 msec.Figure4 shavs the outputof

the expressiorrecognizerfor atestvideoin whichthe sub-
ject poseda seriesof facial expressions.The tracesshov

outputsof eachof the seven emotiondetectors.The output
of the sadnessletectorincreasesshe posesa sadexpres-
sion,andangerincreasesshe posesanger The outputfor

neutralincreasesasthe subjectpasseghroughneutralbe-
tweeneachexpression.
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Figure4: Examplesof real-timeemotioncodetracesfrom atest
video sequence.The top row shavs framesfrom the sequence.
Continuousoutputsof eachof the 7 expressiordetectorss given
below.

Although eachindividual imageis separatelyprocessed
andclassi ed, theoutputschangesmoothlyasa functionof
time, particularlyunderilluminationandbackgrounatondi-
tionsthatarefavorablefor alignment.(SeeFigure5). This
enablesapplicationsfor measuringhe magnitudeand dy-
namicsof facialexpressions.

To demonstrat¢éhepotentialof this systemwe developed
arealtime'emotionmirror' whichrendersa3D characteim
realtime thatmimicsthe emotionalexpressiorof a person.
(SeeFigure6). The emotionmirror is a prototypesystem
thatrecognizeghe emotionof the userandrespondsn an
engagingvay.

In theemotionmirror, theface- ndercapturesafaceim-
age which is sentto the emotionclassi er. The outputs
of the 7-emotionclassi er constitutesa 7-D emotioncode.
This codewassentto CU Animate,a setof softwaretools
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Figure5: Outputsof the SVM's trainedfor neutralandsadness
for afull testimagesequencef asubjectperformingsadnesfrom
theDFAT-504database. Th8VM outputis thedistanceo thesep-
aratinghyperplangthe magin).

SVM Margin

for renderingBD computeranimatedcharactern realtime,
developedat the Centerfor Spolen LanguageResearchat
CU Boulder[21]. The7-D emotioncodegave a weighted
combinationof morphtargetsfor eachemotion.

anger

joy

surprise

Figure6: Exampleof theemotionmirror. Theanimateccharac-
ter mirrorsthefacial expressiorof theuser

In pilot studiesfor future projects,we recordedsponta-
neousreactiongo a seriesof video clips andimages.Fig-
ure 7 shows the reactionof two subject¢o anamusingim-
ageimmediatelyfollowing adistressinglip. Theautomatic
codedfor both subjectsshawv increasingoy anddecreasing
disgustbut the baselindevelsandthetrajectoriediffer.

6.1 Personidenti cation from expressiondy-
namics

In anotherstudywe exploredwhetherthe sequencef out-
putsfrom the expressiorrecognizercould be usedfor per
sonidenti cation. Eight subjectgposedeachof the six ba-
sic emotionsthreetimes over in randomorder Figure 8
shaws the automaticcodesfor two different expressions,
fear, which is dif cult to pose,andsurprise whichis easy
to pose.We show thethreetrajectoriedor eachemotionfor
two differentsubjects.The trajectoriesof the outputswere
idiosyncratidfor eachpersorandcouldbeusedto recognize
theidentity of the person.Using nearesneighborclassi -
cationon the responsef eachof the 7 emotiondetectors,
averagedn time windows, was sufcient to recognizethe

ECODE SUBJECT1

“o 20 40 60 80 100 120 140 160 180 200
FRAME NUMBER CLIP22

ECODE SUBJECT 2

L L L L L
0 20 40 60 80 100 120 140 160 180 200
FRAME NUMBER CLIP22

Figure 7: Spontaneouseactionsto emotive imagesand video.
Uppersection:Examplesof framesfrom video sequencesf sub-
jects 1 and 2 respondingto the samestimulus. Lower section:
Tracesfor disgust(lower, blue curwe) and joy (upper green-o
curwe) areshavn for subjectsl and2 .

identity of the eight subjectsn this pilot studywith 100%
accuray.

Fear: 2 Subjects, 3 Trials Surprise: 2 Subjects, 3 Trials

fear code
surprise code

0 10 20 30 40 0 10 20 30 40
frame number: neutral to peak frame number: neutral to peak

Figure8: Tracesfor repeateghosedexpressionf fear (left) and
surprise(right) for two subjects.Subjectl is in red/gray Subject
2isin blue/black.

7 Automated Facial Action Coding

In orderto objectvely capturethe richnessand complex-
ity of facialexpressionshehaioral scientistshave foundit
necessaryo developobjective codingstandardsThefacial



actioncodingsystem(FACS)[10] is themostobjective and
comprensie coding systemin the behaioral sciences.A

humancoderdecomposetacial expressionsn termsof 46
componenimovements.A longstandingesearctdirection
in the Machine PerceptionLaboratoryis to automatically
recognizefacial actions(e.g. [8, 1, 2]. Threegroupsbe-
sidesourshave focusedon automaticFACS recognitionas
atool for behaioral research:[2623, 16]. Systemgo date
still requireconsiderablenanualinput, unlessinfraredsig-

nalsareavailablefor locatingtheeyes(e.g.[16]).

Herewe apply the systempresentedibove to the prob-
lem of fully automatedacial actioncoding. The machine
learningtechniquegresentedbove wererepeatedwhere
facialactionlabelsreplacedhe basicemotionlabels. Face
imagesveredetectedindalignedautomaticallyin thevideo
framesandsentdirectly to therecognitionsystem.

AU1
AU 2
’ : i AUT 4
N — Fe;?'-fd:fi:f" —> SV —ATS
) i AUS
663552 Gabors: AU 7
* 8 orientations AU9
» 9 wavelengths
+ 96x96 centers

Automatic face
detection

and alignment

Figure9: Fully automatedacialactioncodingsystem.

The systemwas againtrained on Cohn and Kanade$
DFAT-504 datasetvhich containsFACS scoresby two cer
tied FACS codersin additionto the basicemotionlabels.
Automatic eye detection[11] was employed to align the
eyesin eachimage.Sevensupportvectormachinespnefor
eachAU, weretrainedto detecthe presencef agivenAU,
regardlesof the co-occuringAU's. Positive examplescon-
sistedof the last (peak)frameof eachsequenceandnega-
tive examplesconsistedf all peakframesthatdid not con-
tain the target AU, plus 313 neutralimagesobtainedfrom
the rst frameof eachsequence A nonlinearradial basis
functionkernelwasemployed. Generalizatiorto new sub-
jectswastestedusingleave-one-outcross-alidation. The
resultsareshown in Table8. Systemoutputsfor full image
sequencesf testsubjectsareshovn in Figure10. Thesub-
jectsarefrom DFAT-504 andtrajectoriesof threedifferent
actionunits associatedvith the sameposedexpressiorare
shavn. Theseare not repeatedosesof the sameexpres-
sion.

The systemobtaineda meanof 92.9%agreementvith
humanFACS labelsfor fully automaticrecognitionof 7
upperfacial actions. Theseperformanceatesare equalto
or betterthanothersystemdestedon this datasethatem-
ployed manualregistrationor initialization [26, 16]. The
high performancerate obtainedby our systemis the re-
sult of mary yearsof systematiccomparisons,(such as
thosepresentedhere,andalsoin [8, 1]), investigatingvhich
imagefeatures(representationsyre most effective, which
classi ers are most effective, optimal resolutionand spa-
tial frequeng, featureselectiontechniquesandcomparing
0 w-basedo texture-basedecognition.

Theapproacho automatidcFACS codingpresentedhere,
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Figure 10: AutomatedFACS measurementfor full imagese-
guencesa. Surpriseexpressiorsequencefom 2 subjectsscored
by the humancoderascontainingAU's 1,2 and5. Curvesshav

automatedystenputputfor AU's 1,2and5. b. Disgustexpression
sequencefom 2 subjectsscoredby the humancoderascontain-
ing AU's 4,7 and 9. Curvesshav automatedsystemoutputfor

AU's4,7and9.

in additionto beingfully automatedalsodiffersfrom ap-
proachesuchas[23] and[26] in thatinsteadof designing
speciapurposeamagefeaturedor eachfacialaction,we ex-

plore generalpurposdearningmechanismsor data-driven
facial expressiornclassi cation. Thesemethodsmeige ma-
chinelearningandbiologically inspiredmodelsof human
vision. Thesemechanismsanbe appliedto recognitionof

ary facialactiongivenatrainingdataset. Theapproactde-
tectsnot only changesn positionof featurepoints,but also
changesn imagetexture suchasthosecreatedy wrinkles,
bulges,andchangesn featureshapes.

AU AU code Agreement No.examples
Innerbrow raise 1 93.5 123
Outerbrow raise 2 96.3 83
Brow corrugator 4 89.1 143
Upperlid raise 5 91.9 85
Cheekraise 6 93.9 93
Lowerlid tight 7 87.2 85
Nosewrinkle 9 98.7 43

Table8: Generalizationmesultsfor fully automaticrecognitionof
7 upperfacial actions. Agreementis measuredsthe percentof
imagescorrectlyclassi ed



Figure11: Fully automated=ACS detectsactionunits 1 and 2
in a eeting spontaneoubrowraisedisplayedn anunconstrained
situation. Humancoderslabeledthe action unit onset,ape and
offset

8 Conclusionsand Futur e Dir ections

We presentec systematicomparisorof machindearning
methodsappliedto the problemof fully automaticrecogni-
tion of facialexpressionsincludingAdaBoost supportvec-
tor machinesandlineardiscriminantanalysis We reported
resultson a seriesof experimentscomparingmethodsfor
multiclassdecisions,spatialfrequeng ranges featurese-
lectionmethodsandrecognitionengines Bestresultswere
obtainedby selectinga subsetof Gabor Iters using Ad-
aBoostand thentraining SupportVector Machineson the
outputsof the lters selectedby AdaBoost. The combi-
nation of Adaboostand SVM's enhancedoth speedand
accurag of the system.The generalizatiorperformanceo
new subjectdor a 7-way forcedchoicewas93.3%and97%
correcton two publicly available datasetsthe bestperfor
mancereportedsofar on thesedatasetsThe outputsof the
classi er containinformationaboutexpressiormagnitude,
andthuscanbe usedto captureinformationaboutexpres-
siondynamics.

The general purposelearning mechanismspresented
herefor data-drvenfacial expressionclassi cationcanbe
appliedto recognitionof ary facial expressiondimension
givenatrainingdatasetHerewe presentedesultsfor both
automaticrecognitionof basicemotionsand automaticfa-
cial actioncoding.

Our resultssuggestthat userindependentfully auto-
matic real time coding of facial expressionsn the contin-
uousvideo streamis an achiezablegoal with presenttom-
puterpower, atleastfor applicationdn which frontal views
can be assumed. The problem of classi cation of facial
expressionganbe solved with high accurag by a simple
linear system afterthe imagesare preprocesselly a bank
of Gabor Iters. Linearsystemsarrya smallperformance
penalty(92.5%insteadf 93.3%)but arefasterfor real-time
applicationgseetable3). Featureselectionspeedsip sys-
temsbasedn non-linearSVM's into thereal-timerange.

Our work also indicatesthat the currentdatasetanay
be inadequatdor further progressanda new generatiorof
dataseis greatlyneededn the eld. We arecurrentlyen-
gagedn alongtermeffort to developsuchdatasetsndhelp
accelerat@rogressn the eld.

The automatedacial expressionmeasuremerngystems
describedabove alignedfacesin the 2D plane. Sponta-
neousbehaior cancontainconsiderableut-of-planehead
rotation. The accurag of automatedacialexpressiormea-
suremenimay be considerablyimproved by 3D alignment
of faces Also, informationaboutheadmovementdynamics
is animportantcomponenbf FACS.Membersof thisgroup
have developedtechniquedor automaticallyestimating3D
posein a generatie model [22] and for warping facesto
frontal. See gure 12. In the nearfuture, this processwill
be integratedinto our systemfor recognizingexpressions
from videoof unconstrainedhteractions.

BEE ¢ 0@
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Figure12: Headposeestimatiorandwarpingto frontal views. a.
4 cameraviews of a subjectat oneinstant.b. Headposeestimate
for eachof 4 cameraviews. c. Faceimageswarpedto frontal.

We are presentlyexploring applicationsof this system
including automaticevaluationof human-robointeraction
[19], and deploymentin automatictutoring systems[21]
and social robots. We are also exploring clinical appli-
cations,including psychiatricdiagnosisand measuringe-
sponsdo treatment.
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