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Abstract

Computeranimatedagentsand robotsbring a social dimensionto hu-
mancomputerinteractionandforceus to think in new waysabouthow
computerscould be usedin daily life. Faceto facecommunicationis
a real-timeprocessoperatingat a time scaleof lessthana second. In
thispaperwepresentprogressonaperceptualprimitiveto automatically
detectfrontal facesin thevideostreamandcodethemwith respectto 7
dimensionsin real time: neutral,anger, disgust,fear, joy, sadness,sur-
prise.Theface�nder employsacascadeof featuredetectorstrainedwith
boostingtechniques[13, 2]. Theexpressionrecognizeremploysacombi-
nationof AdaBoostandSVM's. Thegeneralizationperformanceto new
subjectsfor a7-wayforcedchoicewasover90%correctontwo publicly
available datasets.The outputsof the classi�er changesmoothlyas a
functionof time,providing a potentiallyvaluablerepresentationto code
facialexpressiondynamicsin a fully automaticandunobtrusivemanner.
The systemwasdeployedandevaluatedfor measuringspontaneousfa-
cial expressionsin the�eld in anapplicationfor automaticassessmentof
human-robotinteraction.

1 Intr oduction

Computeranimatedagentsandrobotsbring a socialdimensionto humancomputerinter-
actionandforceusto think in new waysabouthow computerscouldbeusedin daily life.
Faceto facecommunicationis a real-timeprocessoperatingat a time scaleof lessthan
a second.Thusful�lling the ideaof machinesthat interactfaceto facewith us requires
developmentof robust real-timeperceptive primitives. In this paperwe present�rst steps
towardsthe developmentof onesuchprimitive: a systemthat automatically�nds faces
in the visual video streamandcodesfacial expressiondynamicsin real time. The sys-
temautomaticallydetectsfrontal facesandcodesthemwith respectto 7 dimensions:Joy,
sadness,surprise,anger, disgust,fear, andneutral. Speedandaccuracy areenhancedby
combiningfeatureselectionbasedon AdaBoostwith featureintegrationbasedon support
vectormachines.We hostanonlinedemoof thesystemathttp://mplab.ucsd.edu.

Thesystemwastrainedandtestedon two publicly avaliabledatasetsof facialexpressions
collectedby experimentalpsychologistsexpertin facialbehavior. In addition,wedeployed



andevaluatedthesystemin anapplicationfor recognizingspontaneousfacialexpressions
from continuousvideoin the �eld. We assessthesystemasa methodfor automaticmea-
surementof human-robotinteraction.

2 Facedetection

We developeda real-timeface-detectionsystembasedon [13], capableof detectionand
falsepositive ratesequivalentto the bestpublishedresults[11, 12, 10, 13]. The system
consistsof a cascadeof classi�erstrainedby boostingtechniques.Eachclassi�er employs
integral image�lters reminiscentof HaarBasisfunctions,whichcanbecomputedveryfast
at any locationandscalein constanttime (seeFigure1). In a 24� 24 pixel window, there
areover 160,000possible�lters of this type. For eachstagein the cascade,a subsetof
featuresarechosenusinga featureselectionprocedurebasedonAdaBoost[3].

We enhancetheapproachin [13] in thefollowing ways: (1) Oncea featureis selectedby
boosting,we re�ne the selectionby �nding the bestperformingsingle-featureclassi�er
from a new setof �lters generatedby shifting andscalingthechosen�lter by two pixels
in eachdirection,aswell ascomposite�lters madeby re�ecting eachshiftedandscaled
featurehorizontally aboutthe centerandsuperimposingit on the original. This can be
thoughtof asa singlegenerationgeneticalgorithm,andis muchfasterthanexhaustively
searchingfor thebestclassi�eramongall 160,000possible�lters andtheirre�ection-based
cousins.

(2) While [13] useAdaBoostin their featureselectionalgorithm,which requiresbinary
classi�ers, we employed Gentleboost,describedin [4], which usesreal valuedfeatures.
Figure2 shows the�rst two �lters chosenby thesystemalongwith therealvaluedoutput
of theweaklearners(or tuningcurves)built on those�lters. Notethebimodaldistribution
of �lter 2.

(3) Wehavealsodevelopedatrainingproceduresothataftereachsinglefeature,thesystem
can decidewhetherto test anotherfeatureor to make a decision. This systemretains
informationaboutthe continuousoutputsof eachfeaturedetectorratherthanconverting
to binary decisionsat eachstageof the cascade.Preliminaryresultsshow potentialfor
dramaticimprovementsin speedwith no lossof accuracy over thecurrentsystem.

The facedetectorwastrainedon 5000facesandmillions of non-facepatchesfrom about
8000imagescollectedfrom thewebby CompaqResearchLaboratories.Accuracy on the
CMU-MIT dataset(a standard,public dataset for benchmarkingfrontal facedetection
systems)is comparableto [13]. Becausethestrongclassi�ersearly in thesequenceneed
very few featuresto achieve goodperformance(the �rst stagecanreject60%of thenon-
facesusingonly 2 features,usingonly 20 simpleoperations,or about60 microprocessor
instructions),the averagenumberof featuresthat needto be evaluatedfor eachwindow
is very small,makingtheoverall systemvery fast. We madethesourcecodefor the face
detectorfreely availableat http://www.sourceforge.net/projects/kolmogorov.

3 Facial expressionclassi�cation
3.1 Data set

The facial expressionsystemwas trainedand testedon Cohn and Kanade's DFAT-504
dataset[6]. This datasetconsistsof 100universitystudentsrangingin agefrom 18 to 30
years. 65% were female,15% were African-American,and 3% were Asian or Latino.
Videoswererecodedin analogS-videousinga cameralocateddirectly in front of thesub-
ject. Subjectswereinstructedby anexperimenterto performa seriesof 23 facialexpres-
sions.Subjectsbeganandendedeachdisplaywith a neutralface.Beforeperformingeach
display, anexperimenterdescribedandmodeledthedesireddisplay. Imagesequencesfrom
neutralto targetdisplayweredigitizedinto 640by 480pixel arrayswith 8-bit precisionfor
grayscalevalues.



a. b. c. d.

Figure1: Integral image�lters (afterViola & Jones,2001[13]). a. Thevalueof thepixel
at (x; y) is thesumof all thepixelsabove andto the left. b. Thesumof thepixelswithin
rectangleD canbecomputedas4 + 1 � (2 + 3). (c) Eachfeatureis computedby taking
thedifferenceof thesumsof thepixelsin thewhiteboxesandgrey boxes.Featuresinclude
thoseshown in (c), asin [13], plus(d) thesamefeaturessuperimposedon their re�ection
abouttheY axis.

a. b. c. d.

Figure2: The�rst two features(a,c)andtheir respective tuningcurves(b,d). Eachfeature
is shown over theaverageface.The�rst tuningcurve shows thata darkhorizontalregion
over a bright horizontalregion in thecenterof thewindow is evidencefor a face,andfor
non-faceotherwise.Theoutputof thesecond�lter is bimodal.Both a strongpositive and
a strongnegative outputis evidencefor a face,while outputcloserto zerois evidencefor
non-face.

For our study, we selected313 sequencesfrom the dataset.The only selectioncriterion
wasthata sequencebelabeledasoneof the6 basicemotions.Thesequencescamefrom
90 subjects,with 1 to 6 emotionspersubject.The �rst andlast frames(neutralandpeak)
wereusedastraining imagesandfor testinggeneralizationto new subjects,for a total of
626examples.Thetrainedclassi�erswerelaterappliedto theentiresequence.

All facesin this datasetweresuccessfullydetected.Theautomaticallylocatedfaceswere
rescaledto 48x48pixels.Thetypical distancebetweenthecentersof theeyeswasroughly
24 pixels. No further registrationwasperformed,i.e. no explicit detectionandalignment
of internalfacialfeatureswasperformed.Therecognitionsystempresentedhereperforms
well without that step,providing a considerablesavings in processingtime. The images
wereconvertedinto a Gabormagnituderepresentation,usinga bankof Gabor�lters at 8
orientationsand5 spatialfrequencies(4:16pixelspercycleat 1/2octavesteps)[7].

4 SVM' s and AdaBoost

SVM performancewascomparedto AdaBoostfor emotionclassi�cation.Thesystemper-
formeda 7-way forcedchoicebetweenthefollowing emotioncategories:Happiness,sad-
ness,surprise,disgust,fear, anger, neutral.Theclassi�cationwasperformedin two stages.
First, seven binary classi�ersweretrainedto discriminateeachemotionfrom everything
else.Theemotioncategorydecisionwasthenimplementedby choosingtheclassi�er with
themaximumoutputfor thetestexample.



Supportvector machines(SVM's) are well suitedto this task becausethe high dimen-
sionality of the Gaborrepresentationdoesnot affect training time for kernel classi�ers.
Linear, polynomial,andRBF kernelswith Laplacian,andGaussianbasisfunctionswere
explored. LinearandRBF kernelsemploying a unit-width Gaussianperformedbest,and
arepresentedhere.Generalizationto novel subjectswastestedusingleave-one-subject-out
cross-validation.Resultsarepresentedin Table1.

Thefeaturesemployedfor theAdaBoostemotionclassi�er werethe individual Gabor�l-
ters.Therewere48x48x40= 92160possiblefeatures.A subsetof these�lters waschosen
usingAdaBoost.On eachtraining round,the thresholdandscaleparameterof each�lter
wasoptimizedandthe featurethatprovidedbestperformanceon theboosteddistribution
waschosen.

During AdaBoost,trainingfor eachemotionclassi�er continueduntil thedistributionsfor
the positive andnegative sampleswereseparatedby a gapproportionalto the widths of
thetwo distributions.Thetotal numberof �lters selectedusingthis procedurewas538for
48x48imageswith 5 Gaborfrequencies.

Resultsareshown in Table1. Thegeneralizationperformance,87.2%,wascomparableto
SVM performance.AdaBoostandSVM performancesdid not differ signi�cantly on any
conditionstested.AdaBoostwassubstantiallyfaster, asshown in Table2. Here,thesystem
calculatedtheoutputof Gabor�lters lessef�ciently , astheconvolutionsweredonein pixel
spaceratherthanFourierspace,but theuseof 200 timesfewer Gabor�lters nevertheless
resultedin a substantialspeedbene�t.
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Figure3: a. Gaborsselectedby AdaBoostfor eachexpression.White dotsindicateloca-
tionsof all selectedGabors.Below eachexpressionis a linearcombinationof therealpart
of the�rst 5 AdaBoostfeaturesselectedfor thatexpression.Facesshown areameanof 10
individuals.b. Wavelengthdistributionof featuresselectedby AdaBoost.

5 AdaSVM' s

AdaBoostprovidesanaddedvalueof choosingwhich featuresaremostinformativeto test
at eachstepin thecascade.Figure3aillustratesthe�rst 5 Gaborfeatureschosenfor each
emotion.Thechosenfeaturesshow nopreferencefor direction,but thehighestfrequencies
arechosenmoreoften. Figure3b shows the numberof chosenfeaturesat eachof the 5
wavelengthsused.

We tried an approachin which the GaborFeatureschosenby AdaBoostwereusedasa
reducedrepresentationfor trainingSVM's, calledAdaSVM's in abbreviation of Adaptive
BoostingSelectedFeatureRepresentationsin SupportVectorMachines.AdaSVM's out-



performedSVM's by 2.7 percentpoints,an improvementthatwasmarginally signi�cant
(z=1.55,p=0.06).

Examinationof the frequency distribution of the Gabor�lter selectedby AdaBoostsug-
gestedthatawider rangeof spatialfrequencies,particularlyin thehighspatialfrequencies,
couldpotentiallyimproveperformance.Indeed,by increasingfrom 5 to 9 spatialfrequen-
cies(2:32pixelspercycle at 0.5 octave steps),performanceof theAdaSVM improvedto
93.3%correct.(SeeTable1.) At this spatialfrequency range,theperformanceadvantage
of AdaSVM's wasgreater. AdaSVM's outperformedboth AdaBoost(z=2.1,p=.02)and
SVM's (z=2.6,p< .01).

Performanceof thesystemwasalsoevaluatedon a secondpublicly availabledataset,Pic-
turesof FacialAffect[1]. We obtained97%accuracy for generalizationto novel subjects,
usingthe AdaSVM combinedclassi�ers. This is about10 percentagepointshigherthan
thebestpreviously reportedresultson thisdataset(e.g.[9, 8]).

An emergentpropertywasthat theoutputsof theclassi�er changesmoothlyasa function
of time,providing apotentiallyvaluablerepresentationto codefacialexpressiondynamics
in a fully automaticandunobtrusivemanner. (SeeFigure5.) In thenext section,we apply
this systemto assessingspontaneousfacialexpressionsin the�eld.

! 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

Table1: Generalizationperformanceof AdaBoost,SVM'sandAdaSVM's. ! : Gaborwave-
lengthrange,sampledat0.5octave intervals.

SVM AdaBoost AdaSVM
Lin RBF Lin RBF

Time t t 90t 0.01t 0.01t 0.0125t
Time t0 t 90t 0.16t 0.16t 0.2t
Memory m 90m 3m 3m 3.3m

Table 2: Processingtime and memorycomparison. Time t0 includesthe extra time to
calculatetheoutputsof the538Gaborsin pixel spacefor AdaBoostandAdaSVM, rather
than the full FFT employed by the SVM's. This table is for 48x48pixels and5 spatial
frequencies.

6 Deploymentand evaluation: Automatic evaluation of human-robot
interaction

We conducteda pilot study at the Intelligent RoboticsandCommunicationlaboratories
at ATR, Japan,to evaluatethesystemasa tool for automaticallymeasuringthequality of
human-robotsocialinteraction,andto evaluatetheexpressionrecognitionsystemin uncon-
strainedenvironments.This testinvolvedrecognitionof spontaneousfacialexpressionsin
thecontinuousvideostreamduringunconstrainedinteractionwith a socialrobot.Subjects
interactedwith RoboVie, a communicationrobotdevelopedat ATR andtheUniversityof
Osaka[5].



Figure4: Humanresponseduringinteractionwith theRoboVie robotat ATR is measured
by automaticexpressionanalysis.

Thiswasachallengingtestof thesystemthatinvolvedsigni�cant deviationsfrom thecon-
ditions usedfor training thesystem:The experimentincludedunconstrainedheadmove-
ment,presenceof glasses(therewerenoglassesin thetrainingset),new racialcomposition
(100%Asianfor this testcomparedto 3% in training),andchangesin lighting conditions.
14 paid participantsrecruitedfrom the university of Osakawere invited to interactwith
RoboVie for a5 minuteperiod.10subjectsweremale,4 female,5 woreglasses,andall 14
wereAsian. To addressunconstrainedheadmovement,we simultaneouslyrecordedvideo
from 4 videocameras.(SeeFigure4.) Faceswereautomaticallydetectedandfacialexpres-
sionsclassi�ed independentlyin thefour videostreams.This resultedin a 28dimensional
vectorpervideoframeconsistingof thecontinuousoutputsof thesevenemotionclassi�ers
(thedistanceto theseparatinghyperplane)� 4 cameras.

To assessthevalidity of thesystem,four naive humanobserverswerepresentedwith the
videosof eachsubjectat 1/3 speed. The observers indicatedthe amountof happiness
shown by the subjectin eachvideo frameby turning a dial, a techniquecommonlyused
in marketing research.The meanframe-byframecorrelationbetweenhumanjudgesand
otherhumanjudgeswas0.54,averagedacrosssubjectsandjudgepairs.

While in principle we expect28 outputsper video frame,in practicemissingvalues,oc-
curredoften, due to the fact that the facewasnot detectedin oneor moreof the video
streams.To combineinformationfrom the 4 cameraswhile dealingwith missingvalues
wemodeledthe28dimensionalinputvectorplusthehappinessscorefor eachvideoframe
asa 29 dimensionalGaussiandistribution. Maximum likelihoodestimatesof the model
parameters(meanandcovariancematrix)wereobtainedusingtheEM algorithm.Oncethe
meanandcovariancematrix areknown onecaneasilycomputemostprobableestimates
for thehappinessscoreof eachframegivenany subsetof the28 input variables.We tried
severalvariationsof this model,somewith extendedinput vectorsincluding themeanof
the8 time stepspreceedingandfollowing thecurrentframe,for a total of 84 valuesin the
input. Theoutputunderwenttemporalsmoothingby convolving with a Gaussian(� = 33
frames).

Figure5 compareshumanjudgmentswith theautomatedsystem.Theaveragecorrelation
betweenthe 4 judgesand the automatedsystemon training datawas 0.56, which does
not differ signi�cantly from thehuman/humanagreementof 0.54(t(13)= 0.15,p< 0.875).
Generalizationperformancefor new imagesof known subjectswastestedusingleave-one-
outcross-validation.Thesystemwastrainedon4 minutesof videodatafor agivensubject,
andtestedon theremaining1 minute.This wasrepeated4 timespersubject.Meancorre-
lation acrossthe14 subjectswas.30. Thecorrelationwasstatisticallysigni�cant (t(1798)
= 13.3,p << .001). Smoothingthe input hadlittle effect on generalizationperformance
andwasdropped.Theoutputsmoothing,however, doubledthecorrelationcoef�cient from



Figure5: Meanhumanlabels(–) comparedto automatedsystemlabels(-) for 'jo y' (one
subject,oneobserver, trainingresults).

theno-smoothingcondition.Meancorrelationfor femaleswashigherthanmales(0.42vs.
0.24; p << .001),andmeancorrelationfor subjectswith no glasseswashigherthanfor
thosewith glasses(0.36vs. 0.20;p << .001). Meancorrelationfor all subjectswithout
occluders(onesubjectworea hat),was0.39.

The inter-coderagreementof thehumancoderspredictedsystemperformance,wherethe
systemgavebetterperformanceonsubjectsfor whominter-coderagreementwasalsohigh
(r=0.60;t(12)=2.6;p < .01).Anotherpredictorof systemperformancewastheexpressivity
of the subject,ratedby a humanobserver on a 1-10 scale. For the 9 subjectswith no
occluders,thesystemgavebetterperformanceonsubjectswith higherexpressivity ratings
(r=.64; t(7)=2.2; p< .01). Therewasa trendfor the femalesubjectsto be ratedasmore
expressive thanthe males,which may accountin part for the performanceadvantagefor
femalesubjects.

7 Conclusions

Faceto facecommunicationis a real-timeprocessoperatingat a time scaleof lessthan
a second.The level of uncertaintyat this time scaleis considerable,makingit necessary
for humansandmachinesto rely on sensoryrich perceptualprimitivesratherthanslow
symbolic inferenceprocesses.In this paperwe presentprogresson onesuchperceptual
primitive: Realtimerecognitionof facialexpressions.

Our resultssuggestthatuserindependentfully automaticrealtime codingof basicexpres-
sionsis anachievablegoalwith presentcomputerpower, at leastfor applicationsin which
frontal views or multiple camerascanbe assumed.Goodperformanceresultswereob-
tainedfor directlyprocessingtheoutputof anautomaticfacedetectorwithout theneedfor
explicit detectionandregistrationof facial features.A novel classi�cationtechniquewas
presentedthatcombinesfeatureselectionbasedonAdaBoostwith featureintegrationbased
on supportvectormachines.The AdaSVM's outperformedAdaBoostandSVM's alone,
andgaveaconsiderableadvantagein speedoverSVM's. Strongperformanceresults,93%
and97% accuracy for generalizationto novel subjects,werepresentedfor two publicly
availabledatasetsof facial expressionscollectedby experimentalpsychologistsexpert in
facialexpressions.

We introduceda techniquefor automaticallyevaluatingthequality of human-robotinter-
actionbasedon theanalysisof facialexpressions.This testinvolvedrecognitionof spon-
taneousfacialexpressionsin thecontinuousvideostreamduringunconstrainedbehavior.
Thesystempredictedhumanjudgmentsof joy in testsequences.We arepresentlyevaluat-
ing thissystemasapotentialnew tool for researchin behavioralandclinical studies.Weare
alsodevelopingautomaticfaceimagealignmentin 3D, whichmayimproveperformance.



Within thepastdecade,signi�cant advancesin machinelearningandmachineperception
openup the possibility of automaticanalysisof facial expressions.Automatedsystems
will haveatremendousimpactonbasicresearchby makingfacialexpressionmeasurement
moreaccessibleasa behavioral measure,andby providing dataon thedynamicsof facial
behavior at a resolutionthat waspreviously unavailable. Suchsystemswill also lay the
foundationsfor computersthat canunderstandthis critical aspectof humancommunica-
tion. Computersystemswith thiscapabilityhavea wide rangeof applicationsin basicand
appliedresearchareas,includingman-machinecommunication,security, law enforcement,
psychiatry, education,andtelecommunications.
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[7] M. Lades,J.Vorbrüggen,J.Buhmann,J.Lange,W. Konen,C.vonderMalsburg, andR.Würtz.
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