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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.Thefacefinderemploysacascadeof featuredetectorstrainedwith
boostingtechniques[13, 2]. Theexpressionrecognizeremploys a novel
combinationof AdaboostandSVM’s. The generalizationperformance
to new subjectsfor a 7-way forcedchoicewas93.3%and97% correct
on two publicly availabledatasets.The outputsof the classifierchange
smoothlyasa function of time, providing a potentiallyvaluablerepre-
sentationto codefacial expressiondynamicsin a fully automaticand
unobtrusive manner. The systemwasdeployed andevaluatedfor mea-
suringspontaneousfacial expressionsin the field in an applicationfor
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.Thusfulfilling the ideaof machinesthat interactfaceto facewith us requires
developmentof robust real-timeperceptive primitives. In this paperwe presentfirst steps
towardsthedevelopmentof onesuchprimitive: a systemthatautomaticallyfindsfacesin
thevisualvideostreamandcodesfacialexpressiondynamicsin realtime. Thesystemau-
tomaticallydetectsfrontal facesandcodesthemwith respectto 7 dimensions:Joy, sadness,
surprise,anger, disgust,fear, andneutral.Speedandaccuracy areenhancedbyanovel tech-
niquethatcombinesfeatureselectionbasedon Adaboostwith featureintegrationbasedon
supportvectormachines.We hostanonlinedemoof thesystemathttp://mplab.ucsd.edu.



Thesystemwastrainedandtestedon two publicly avaliabledatasetsof facialexpressions
collectedby experimentalpsychologistsexpertin facialbehavior. In addition,wedeployed
andevaluatedthesystemin anapplicationfor recognizingspontaneousfacialexpressions
from continuousvideo in thefield. 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 classifierstrainedby boostingtechniques.Eachclassifieremploys
integral imagefiltersreminiscentof HaarBasisfunctions,whichcanbecomputedveryfast
at any locationandscalein constanttime (seeFigure1). In a

���	�
���
pixel window, there

areover 160,000possiblefilters of this type. For eachstagein the cascade,a subsetof
featuresarechosenusinga featureselectionprocedurebasedon Adaboost[3].

We enhancetheapproachin [13] in thefollowing ways: (1) Oncea featureis selectedby
boosting,we refine the selectionby finding the bestperformingsingle-featureclassifier
from a new setof filters generatedby shifting andscalingthe chosenfilter by two pixels
in eachdirection,aswell ascompositefilters madeby reflectingeachshiftedandscaled
featurehorizontally aboutthe centerandsuperimposingit on the original. This can be
thoughtof asa singlegenerationgeneticalgorithm,andis muchfasterthanexhaustively
searchingfor thebestclassifieramongall 160,000possiblefiltersandtheirreflection-based
cousins.

(2) While [13] useAdaboostin their featureselectionalgorithm,which requiresbinary
classifiers,we employed Gentleboost,describedin [4], which usesreal valuedfeatures.
Figure2 shows thefirst two filters chosenby thesystemalongwith therealvaluedoutput
of theweaklearners(or tuningcurves)built on thosefilters. Notethebimodaldistribution
of filter 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]. Becausethe strongclassifiersearly in thesequenceneed
very few featuresto achieve goodperformance(thefirst stagecanreject �
��� of thenon-
facesusingonly

�
features,usingonly 20 simpleoperations,or about60 microprocessor

instructions),theaveragenumberof featuresthatneedto beevaluatedfor eachwindow is
very small,makingthe overall systemvery fast. The sourcecodefor the facedetectoris
freelyavailableat http://www.sourceforge.net/projects/kolmogorov.

3 Facial ExpressionClassification

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-



a. b. c. d.

Figure1: Integral imagefilters (afterViola & Jones,2001[13]). a. Thevalueof thepixel
at ��������� is thesumof all thepixelsabove andto the left. b. Thesumof thepixelswithin
rectangle� canbecomputedas

������� � � �"! � . (c) Eachfeatureis computedby taking
thedifferenceof thesumsof thepixelsin thewhiteboxesandgrey boxes.Featuresinclude
thoseshown in (c), asin [13], plus(d) thesamefeaturessuperimposedon their reflection
abouttheY axis.

a. b. c. d.

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

sions.Subjectsbeganandendedeachdisplaywith a neutralface.Beforeperformingeach
display, anexperimenterdescribedandmodeledthedesireddisplay. Imagesequencesfrom
neutralto targetdisplayweredigitizedinto 640by 480pixel arrayswith 8-bit precisionfor
grayscalevalues.

For our study, we selected313 sequencesfrom the dataset.The only selectioncriterion
wasthata sequencebe labeledasoneof the6 basicemotions.Thesequencescamefrom
90 subjects,with 1 to 6 emotionspersubject.Thefirst andlast frames(neutralandpeak)
wereusedastraining imagesandfor testinggeneralizationto new subjects,for a total of
625examples.Thetrainedclassifierswerelaterappliedto theentiresequence.

All facesin this datasetweresuccessfullydetected.Theautomaticallylocatedfaceswere
rescaledto 48x48pixels.Thetypical distancebetweenthecentersof theeyeswasroughly
24 pixels. A comparisonwasalsomadeat doubleresolution(96x96).No furtherregistra-
tion wasperformed.Otherapproachesto automaticfacialexpressionrecognitioninclude
explicit detectionandalignmentof internal facial features.The recognitionsystempre-
sentedhereperformswell without thatstep,providing aconsiderablesavingsin processing
time. The imageswereconvertedinto a Gabormagnituderepresentation,usinga bankof
Gaborfilters at 8 orientationsand5 spatialfrequencies(4:16pixelspercycleat 1/2 octave
steps)[7].



4 SVM’s and Adaboost

SVM performancewascomparedto Adaboostfor emotionclassification.Thesystemper-
formeda 7-way forcedchoicebetweenthefollowing emotioncategories:Happiness,sad-
ness,surprise,disgust,fear, anger, neutral.Theclassificationwasperformedin two stages.
First, seven binary classifiersweretrainedto discriminateeachemotionfrom everything
else.Theemotioncategorydecisionwasthenimplementedby choosingtheclassifierwith
themaximumoutputfor thetestexample.

Supportvector machines(SVM’s) are well suitedto this task becausethe high dimen-
sionality of the Gaborrepresentationdoesnot affect training time for kernel classifiers.
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.

The featuresemployedfor theAdaboostemotionclassifierwerethe individual Gaborfil-
ters.Therewere48x48x40= 92160possiblefeatures.A subsetof thesefilters waschosen
usingAdaboost.On eachtraining round,the thresholdandscaleparameterof eachfilter
wasoptimizedandthe featurethatprovidedbestperformanceon theboosteddistribution
waschosen.

During Adaboost,training for eachemotionclassifiercontinueduntil thedistributionsfor
the positive andnegative sampleswereseparatedby a gapproportionalto the widths of
the two distributions. The total numberof filters selectedusingthis procedurewas538.
SinceAdaboostis significantlyslower to train thanSVM’s,we did not do ’ leave onesub-
ject out’ crossvalidation. Insteadwe separatedthe subjectsrandomlyinto ten groupsof
roughly equalsizeanddid ’ leave onegroupout’ crossvalidation. SVM performancefor
this trainingstrategy is shown for comparison.

Resultsareshown in Table1. The generalizationperformance,85.0%,wascomparable
to linear SVM performanceon the leave-group-outtestingparadigm,but Adaboostwas
substantiallyfaster, asshown in Table2. Here,thesystemcalculatedtheoutputof Gabor
filters lessefficiently, as the convolutions were donein pixel spacerather than Fourier
space,but the useof 200 timesfewer Gaborfilters neverthelessresultedin a substantial
speedbenefit.

5 AdaSVM’s

Adaboostprovidesanaddedvalueof choosingwhich featuresaremostinformativeto test
at eachstepin thecascade.Figure3aillustratesthefirst 5 Gaborfeatureschosenfor each
emotion.Thechosenfeaturesshow nopreferencefor direction,but thehighestfrequencies
arechosenmoreoften. Figure3b shows the numberof chosenfeaturesat eachof the 5
wavelengthsused.

A combinationapproach,in which theGaborFeatureschosenby Adaboostwereusedasa
reducedrepresentationfor trainingSVM’s(AdaSVM’s)outperformedAdaboostby3.8per-
centpoints,adifferencethatwasstatisticallysignificant(z=1.99,p=0.02).AdaSVM’sout-
performedSVM’sby anaverageof 2.7percentpoints,animprovementthatwasmarginally
significant(z = 1.55,p = 0.06).

After examinationof thefrequency distributionof theGaborfilter selectedby Adaboost,it
becameapparentthathigherspatialfrequency Gaborsandhigherresolutionimagescould
potentiallyimproveperformance.Indeed,by doublingtheresolutionto 96x96andincreas-
ing thenumberof Gaborwavelengthsfrom 5 to 9 so that they spanned2:32pixels in 1/2
octave stepsimproved performanceof the nonlinearAdaSVM to 93.3%correct. As the
resolutiongoesup, the speedbenefitof AdaSVM’s becomesevenmoreapparent.At the
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Figure3: a. Gaborsselectedby Adaboostfor eachexpression.White dotsindicateloca-
tionsof all selectedGabors.Below eachexpressionis a linearcombinationof therealpart
of thefirst 5 Adaboostfeaturesselectedfor thatexpression.Facesshown area meanof 10
individuals.b. Wavelengthdistributionof featuresselectedby Adaboost.

higher resolution,the full Gaborrepresentationincreasedby a factor of 7, whereasthe
numberof Gaborsselectedby Adaboostonly increasedby a factorof 1.75.

Performanceof thesystemwasalsoevaluatedon a secondpublicly availabledataset,Pic-
turesof FacialAffect[1]. We obtained97%accuracy for generalizationto novel subjects,
trainedby leave-one-subject-outcross-validation.Thisis about10percentagepointshigher
thanthebestpreviously reportedresultson this dataset[9, 8].

An emergentpropertywasthat theoutputsof theclassifierchangesmoothlyasa function
of time,providing apotentiallyvaluablerepresentationto codefacialexpressiondynamics
in a fully automaticandunobtrusivemanner. (SeeFigure5.) In thenext section,we apply
this systemto assessingspontaneousfacialexpressionsin thefield.

Leave-group-out Leave-subject-out
Adaboost SVM SVM AdaSVM

Linear 85.0 84.8 86.2 88.8
RBF 86.9 88.0 90.7

Table1: Performanceof Adaboost,SVM’sandAdaSVM’s (48x48images).

SVM Adaboost AdaSVM
Lin RBF Lin RBF

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

Table2: Processingtime andmemoryconsiderations.Time t # includesthe extra time to
calculatetheoutputsof the538Gaborsin pixel spacefor AdaboostandAdaSVM, rather
thanthefull FFT employedby theSVM’s.



6 Deploymentand evaluation: Automatic Evaluation of
Human-Robot Interaction

We arecurrentlyevaluatingthe systemasa tool for automaticallymeasuringthe quality
of human-robotsocial interaction. This test involves recognitionof spontaneousfacial
expressionsin thecontinuousvideostreamduringunconstrainedinteractionwith RoboVie,
a socialrobotunderdevelopmentat ATR andtheUniversityof Osaka[5]. This studywas
conductedat ATR in Kyoto, Japan.14 participants,maleandfemale,wereinstructedto
interactwith RoboVie for 5 minutes. Their facial expressionswererecordedvia 4 video
cameras.Thestudywasfollowedby a questionnairein which theparticipantswereasked
to evaluatedifferentaspectsof their interactionwith RoboVie.

Figure4: Humanresponseduring interactionwith theRoboVie robotat ATR is measured
by automaticexpressionanalysis.

Faceswereautomaticallydetectedandfacialexpressionsclassifiedin thecontinuousvideo
streamsof eachof thefour cameras.With themulti-cameraparadigm,oneor morecameras
oftenprovidesa betterview thantheothers.Whenthefaceis rotated,partially occluded,
or misaligned,the expressionclassificationis lessreliable. A confidencemeasurefrom
the facedetectionstepconsistedof the final unthresholdedoutputof the cascadepassed
throughasoftmaxtransformover thefour cameras.Thismeasureindicatedhow muchlike
a frontal facethesystemdeterminedtheselectedwindow from eachcamerato be.

Wecomparedthesystem’sexpressionlabelswith a form of groundtruthfrom humanjudg-
ment. Four naive humanobserverswerepresentedwith the videosof eachsubjectat 1/3
speed.Theobserversindicatedtheamountof happinessshown by thesubjectin eachvideo
by turninga dial.

Theoutputsof thefour cameraswereintegratedby traininga linearregressionon32 num-
bers,the continuousoutputsof the seven emotionclassifiers(the margin) plus the confi-
dencemeasurefrom the facedetectorfor eachof the four cameras,to predictthe human
facialexpressionjudgments.Figure5 comparesthehumanjudgmentswith theautomated
system.Preliminaryresultsarepromising.Theautomatedsystempredictedthehumanex-
pressionjudgmentswith a correlationcoefficientof 0.87,which waswithin theagreement
rangeof thefour humanobservers.

�

$
Theseareresultsfrom onesubject. Testresultsbasedon 14 subjectswill be available in one

week. We arealsocomparingfacial expressionmeasurementsby both humanandcomputerto the
self-reportquestionnaires.
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Figure5: Humanlabels(blue/dark)comparedto automatedsystemlabels(red/light) for
’joy’ (onesubject,oneobserver).

7 Conclusions

Computeranimatedagentsandrobotsbring a socialdimensionto humancomputerinter-
actionandforceusto think in new waysabouthow computerscouldbeusedin daily life.
Social robotsandagentsdesignedto recognizefacial expressionmight provide a much
moreinterestingandengagingsocialinteraction,which canbenefitapplicationsfrom au-
tomatedtutorsto entertainmentrobots.Faceto facecommunicationis a real-timeprocess
operatingat a time scaleof lessthana second.The level of uncertaintyat this time scale
is considerable,makingit necessaryfor humansandmachinesto rely on sensoryrich per-
ceptualprimitivesratherthanslow symbolicinferenceprocesses.In this paperwe present
progresson onesuchperceptualprimitive: Realtime recognitionof facialexpressions.

Our resultssuggestthat user independentfully automaticreal time coding of basicex-
pressionsis an achievablegoal with presentcomputerpower, at leastfor applicationsin
which frontal views or multiple camerascanbeassumed.Goodperformanceresultswere
obtainedfor directly processingtheoutputof anautomaticfacedetectorwithout theneed
for explicit detectionandregistrationof facial features.A novel classificationtechnique
waspresentedthatcombinesfeatureselectionbasedon Adaboostwith featureintegration
basedon supportvectormachines.The AdaSVM’s outperformedAdaboostandSVM’s
alone,andgave a considerableadvantagein speedover SVM’s. Strongperformancere-
sults,93%and97%accuracy for generalizationto novel subjects,werepresentedfor two
publicly availabledatasetsof facial expressionscollectedby experimentalpsychologists
expertin facialexpressions.

We introduceda techniquefor automaticallyevaluatingthequality of human-robotinter-
actionbasedon theanalysisof facialexpressions.This testinvolvedrecognitionof spon-
taneousfacial expressionsin the continuousvideostreamduringunconstrainedbehavior.
Thesystempredictedhumanjudgementsof joy with acorrelationof 0.87.

Within thepastdecade,significantadvancesin 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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