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Abstract

Computeranimatedagentsand robotsbring a social dimensionto hu-
mancomputerinteractionandforce usto think in new waysabouthow
computerscould be usedin daily life. Faceto facecommunicationis
a real-timeprocessoperatingat a time scaleof lessthana second. In
this papemwe presenprogres®n a perceptuaprimitive to automatically
detectfrontal facesin the video streamandcodethemwith respecto 7
dimensiondn realtime: neutral,anger disgust,fear, joy, sadnesssur
prise. Thefacefinderemploysa cascadef featuredetectorgrainedwith
boostingtechniqueg$13, 2]. The expressiorrecognizeemploys anovel
combinationof Adaboostand SVM’s. The generalizatiorperformance
to new subjectsfor a 7-way forced choicewas 93.3%and 97% correct
on two publicly available datasets.The outputsof the classifierchange
smoothlyasa function of time, providing a potentially valuablerepre-
sentationto codefacial expressiondynamicsin a fully automaticand
unobtrusve manner The systemwasdeployed and evaluatedfor mea-
suring spontaneousacial expressionsdn the field in an applicationfor
automaticassessmemf human-robotnteraction.

1 Intr oduction

Computeranimatedagentsandrobotsbring a socialdimensionto humancomputerinter-
actionandforce usto think in new waysabouthow computersouldbe usedin daily life.
Faceto facecommunicationis a real-timeprocessoperatingat a time scaleof lessthan
a second. Thusfulfilling the ideaof machineghatinteractfaceto facewith usrequires
developmentof robustreal-timeperceptve primitives. In this paperwe presenfirst steps
towardsthe developmentof onesuchprimitive: a systemthatautomaticallyfindsfacesin
thevisualvideo streamandcodesfacial expressiordynamicsin realtime. The systemau-
tomaticallydetectdrontal facesandcodeshemwith respecto 7 dimensionsJoy, sadness,
surpriseangerdisgustfear, andneutral.Speedandaccurag areenhancedtby anoveltech-
niguethatcombinedeatureselectiorbasedn Adaboostwith featureintegrationbasecdn
supportvectormachinesWe hostanonline demoof the systemat http://mplabucsd.edu.



The systemwastrainedandtestedon two publicly avaliabledataset®f facial expressions
collectedby experimentalpsychologist&xpertin facialbehaior. In addition,we deployed

andevaluatecthe systemin anapplicationfor recognizingspontaneoufacial expressions
from continuousvideoin thefield. We assesshe systemasa methodfor automaticmea-

suremenbdbf human-robotnteraction.

2 Facedetection

We developeda real-timeface-detectiorsystembasedon [13] capableof detectionand
falsepositive ratesequivalentto the bestpublishedresults[11, 12, 10, 13]. The system
consistof acascad®f classifierdrainedby boostingtechniquesEachclassifieremploys

integralimagefilters reminiscenbf HaarBasisfunctions,which canbe computedseryfast
atary locationandscalein constantime (seeFigurel). In a24 x 24 pixel window, there
are over 160,000possiblefilters of this type. For eachstagein the cascadea subsetof

featuresarechoserusingafeatureselectionprocedurebasecon Adaboos{3].

We enhancehe approachn [13] in thefollowing ways: (1) Oncea featureis selectedy
boosting,we refine the selectionby finding the bestperformingsingle-featureclassifier
from a new setof filters generatedy shifting andscalingthe choserfilter by two pixels
in eachdirection,aswell ascompositefilters madeby reflectingeachshifted and scaled
featurehorizontally aboutthe centerand superimposingt on the original. This canbe
thoughtof asa single generatiorgeneticalgorithm,andis muchfasterthanexhaustiely
searchindor thebestclassifiermamongall 160,000possiblfilters andtheir reflection-based
cousins.

(2) While [13] useAdaboostin their featureselectionalgorithm, which requiresbinary
classifiers,we employed Gentleboostdescribedn [4], which usesreal valuedfeatures.
Figure2 shows thefirst two filters choserby the systemalongwith thereal valuedoutput
of theweaklearnerqor tuningcurves)built onthosefilters. Note the bimodaldistribution
of filter 2.

(3) We have alsodevelopedatrainingproceduresothataftereachsinglefeature thesystem
can decidewhetherto test anotherfeatureor to make a decision. This systemretains
information aboutthe continuousoutputsof eachfeaturedetectorratherthancorverting
to binary decisionsat eachstageof the cascade.Preliminaryresultsshov potentialfor
dramaticimprovementsn speedwith no lossof accurag overthecurrentsystem.

The facedetectorwastrainedon 5000facesand millions of non-facepatchedrom about
8000imagescollectedfrom the web by CompagResearch.aboratories Accurag on the
CMU-MIT dataset(a standard public datasetfor benchmarkingrontal face detection
systems)s comparabldo [13]. Becausdhe strongclassifiersearlyin the sequenceeed
very few featuresto achiese good performancethe first stagecanreject60% of the non-
facesusingonly 2 featuresusingonly 20 simple operationspr about60 microprocessor
instructions) the averagenumberof featureghatneedto be evaluatedfor eachwindow is
very small, makingthe overall systemvery fast. The sourcecodefor the facedetectoris
freely availableat http://www.sourcefoge.net/pojects/lolmogorov.

3 Facial ExpressionClassification

3.1 Dataset

The facial expressionsystemwas trained and testedon Cohn and Kanade$ DFAT-504
datase{6]. This datasetonsistsof 100 university studentgangingin agefrom 18 to 30
years. 65% were female, 15% were African-American,and 3% were Asian or Latino.
Videoswererecodedn analogS-videousinga camerdocateddirectly in front of the sub-
ject. Subjectswereinstructedby anexperimentetto performa seriesof 23 facial expres-



1 g Il Wa

W — || (T L

a. b c. d. L]

Figurel: Integralimagefilters (afterViola & Jones2001[13]). a. Thevalueof the pixel
at (z,y) is the sumof all the pixelsabose andto theleft. b. The sumof the pixelswithin
rectangleD canbecomputedas4 + 1 — (2 + 3). (c) Eachfeatureis computedby taking
thedifferenceof the sumsof the pixelsin thewhite boxesandgrey boxes.Featuresnclude
thoseshown in (c), asin [13], plus(d) the samefeaturessuperimposedn their reflection
abouttheY axis.
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Figure2: Thefirst two featurega,c)andtheir respectie tuning curves(b,d). Eachfeature
is showvn over the averageface. The first tuning curve shows thata dark horizontalregion

over a bright horizontalregion in the centerof the window is evidencefor a face,andfor

non-faceotherwise.The outputof the secondilter is bimodal. Both a strongpositive and
a strongnegative outputis evidencefor aface,while outputcloserto zerois evidencefor

non-face.

sions.Subjectsbeganandendedeachdisplaywith a neutralface.Beforeperformingeach
display anexperimentedescribecandmodeledhedesireddisplay Imagesequencefom
neutralto targetdisplayweredigitizedinto 640by 480 pixel arrayswith 8-bit precisionfor
grayscalevalues.

For our study we selected313 sequencefrom the dataset. The only selectioncriterion
wasthata sequencée labeledasoneof the 6 basicemotions.The sequencesamefrom
90 subjectswith 1 to 6 emotionsper subject. Thefirst andlastframes(neutralandpeak)
wereusedastraining imagesandfor testinggeneralizatiorto new subjectsfor atotal of
625examples.Thetrainedclassifiersnverelaterappliedto the entiresequence.

All facesin this datasetveresuccessfullydetected.The automaticallylocatedfaceswere
rescaledo 48x48pixels.Thetypical distancebetweerthe centersof the eyeswasroughly
24 pixels. A comparisorwasalsomadeat doubleresolution(96x96). No furtherregistra-
tion wasperformed. Otherapproache$o automaticfacial expressiorrecognitioninclude
explicit detectionand alignmentof internalfacial features. The recognitionsystempre-
sentechereperformswell withoutthatstep,providing a considerablsasingsin processing
time. Theimageswere corvertedinto a Gabormagnituderepresentatiorjsinga bankof
Gaborfilters at 8 orientationsand5 spatialfrequencieg4:16 pixelspercycle at 1/2 octave
steps)7].



4 SVM'’'sand Adaboost

SVM performancavascomparedo Adaboostfor emotionclassification.The systemper
formeda 7-way forcedchoicebetweerthe following emotioncategories: Happinesssad-
nesssurprisedisgustfear, anger neutral. The classificationwasperformedn two stages.
First, seven binary classifiersweretrainedto discriminateeachemotionfrom everything
else.Theemotioncatagyory decisionwasthenimplementedy choosingthe classifierwith
themaximumoutputfor thetestexample.

Supportvector machines(SVM’s) are well suitedto this task becausehe high dimen-
sionality of the Gaborrepresentatiomoesnot affect training time for kernel classifiers.
Linear, polynomial,and RBF kernelswith Laplacian,and Gaussiarbasisfunctionswere
explored. Linear and RBF kernelsemploying a unit-width Gaussiarperformedbest,and
arepresentedhere.Generalizatiorio novel subjectsvastestedusinglease-one-subject-out
cross-alidation.Resultsarepresentedn Table1.

The featuresemployedfor the Adaboostemotionclassifierwerethe individual Gaborfil-
ters. Therewere48x48x40= 92160possiblefeatures A subsebf thesefilters waschosen
usingAdaboost.On eachtraining round, the thresholdand scaleparametenf eachfilter
wasoptimizedandthe featurethat provided bestperformanceon the boosteddistribution
waschosen.

During Adaboostraining for eachemotionclassifiercontinueduntil the distributionsfor
the positive and negative sampleswere separatedy a gap proportionalto the widths of
the two distributions. The total numberof filters selectedusingthis procedurewas 538.
SinceAdaboostis significantlyslower to train thanSVM’s, we did not do 'leave onesub-
jectout’ crossvalidation. Insteadwe separatedhe subjectsrandomlyinto ten groupsof
roughly equalsizeanddid 'leave onegroupout’ crossvalidation. SVM performancedor
this training stratey is shovn for comparison.

Resultsare showvn in Table1. The generalizatiorperformance5.0%,was comparable
to linear SVM performanceon the leave-group-outtesting paradigm,but Adaboostwas

substantiallyfaster asshovn in Table2. Here,the systemcalculatecthe outputof Gabor
filters lessefficiently, as the corvolutionswere donein pixel spaceratherthan Fourier

space but the useof 200 times fewer Gaborfilters neverthelesgesultedin a substantial
speedenefit.

5 AdaSVM's

Adaboostprovidesanaddedvalueof choosingwhich featuresaremostinformative to test
ateachstepin the cascadeFigure3aillustratesthefirst 5 Gaborfeatureschoserfor each
emotion.Thechoserfeatureshowv no preferencdor direction,but thehighestfrequencies
arechosenmore often. Figure 3b shavs the numberof chosenfeaturesat eachof the 5
wavelengthaused.

A combinationapproachin whichthe GaborFeatureshoserby Adaboostwereusedasa
reducedepresentatiofor trainingSVM’s (AdaSVM’s) outperformedidaboosby 3.8per
centpoints,adifferencethatwasstatisticallysignificant(z=1.99,p=0.02). AdaSVM's out-
performedSVM’sby anaverageof 2.7 percenpoints,animprovementhatwasmaminally
significant(z = 1.55,p = 0.06).

After examinationof thefrequeng distribution of the Gaboffilter selectedy Adaboostit

becamepparenthathigherspatialfrequeny Gaborsandhigherresolutionimagescould
potentiallyimprove performancelndeed by doublingtheresolutionto 96x96andincreas-
ing the numberof Gaborwavelengthsrom 5 to 9 sothatthey spanned®:32 pixelsin 1/2
octave stepsimproved performanceof the nonlinearAdaSVM to 93.3%correct. As the
resolutiongoesup, the speedbenefitof AdaSVM's becomesven moreapparent.At the
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Figure3: a. Gaborsselectedby Adaboostfor eachexpression.White dotsindicateloca-
tionsof all selectedsabors.Below eachexpressioris alinearcombinationof therealpart
of thefirst 5 Adaboostfeaturesselectedor thatexpression Facesshavn area meanof 10
individuals.b. Wavelengthdistribution of featuresselectedy Adaboost.

higher resolution,the full Gaborrepresentatiorincreasedy a factor of 7, whereasthe
numberof Gaborsselectedy Adaboostbnly increasedy afactorof 1.75.

Performancef the systemwasalsoevaluatedon a secondoublicly availabledatasetPic-

turesof Facial Affect[1]. We obtained97% accurag for generalizatiorto novel subjects,
trainedby leave-one-subject-owtross-alidation. Thisis aboutl0 percentageointshigher
thanthebestpreviously reportedresultson this datasef9, 8].

An emegentpropertywasthatthe outputsof the classifierchangesmoothlyasa function
of time, providing a potentiallyvaluablerepresentatioto codefacial expressiordynamics
in afully automaticandunobtrusve manner (SeeFigure5.) In the next section,we apply
this systemto assessingpontaneoufacial expressionsn thefield.

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

85.0 84.8
86.9

86.2 88.8
88.0 90.7

Linear
RBF

Tablel: Performancef Adaboost,SVMsandAdaSVM's (48x48images).

‘ SVM Adaboost‘ AdaSVvM

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

Table2: Processingime andmemoryconsiderationsTime t' includesthe extra time to
calculatethe outputsof the 538 Gaborsin pixel spacefor Adaboostand AdaSVM, rather
thanthefull FFT emplojedby the SVM's.



6 Deploymentand evaluation: Automatic Evaluation of
Human-Robot Interaction

We are currently evaluatingthe systemas a tool for automaticallymeasuringhe quality
of human-robotsocial interaction. This testinvolvesrecognitionof spontaneousacial
expressionsn thecontinuousvzideostreamduringunconstrainethteractionwith RoboMe,
asocialrobotunderdevelopmentat ATR andthe University of Osaka[5]. This studywas
conductedat ATR in Kyoto, Japan.14 participants male andfemale,were instructedto
interactwith RoboMe for 5 minutes. Their facial expressionsvererecordedvia 4 video
camerasThe studywasfollowedby a questionnairén which the participantavereasled
to evaluatedifferentaspect®f theirinteractionwith RoboMe.

Figure4: Humanresponsealuring interactionwith the RoboMe robotat ATR is measured
by automaticexpressioranalysis.

Faceswereautomaticallydetectecandfacialexpressionglassifiedn the continuousvideo
stream®f eachof thefour camerasWith themulti-camergaradigmpneor morecameras
often providesa betterview thanthe others. Whenthe faceis rotated,partially occluded,
or misaligned,the expressionclassificationis lessreliable. A confidencemeasurerom
the facedetectionstepconsistedof the final unthresholdeautput of the cascadgpassed
througha softmaxtransformoverthefour camerasThis measuréndicatedhow muchlike
afrontal facethe systemdeterminedhe selectedvindow from eachcameréao be.

We comparedhe systems expressioriabelswith aform of groundtruth from humanjudg-
ment. Four naive humanobsenrerswere presentedvith the videosof eachsubjectat 1/3
speed.Theobsenersindicatedtheamountof happinesshovn by the subjectin eachvideo
by turninga dial.

Theoutputsof thefour camerasvereintegratedby trainingalinearregressioron 32 num-
bers,the continuousoutputsof the seven emotionclassifiers(the mamin) plus the confi-
dencemeasurdrom the facedetectorfor eachof the four camerasto predictthe human
facialexpressiorjudgments.Figure5 compareghe humanjudgmentswith theautomated
system Preliminaryresultsarepromising. Theautomatedystenpredictecthe humanex-
pressiorjudgmentswith a correlationcoeficient of 0.87,which waswithin the agreement
rangeof thefour humanobserers!

Theseareresultsfrom one subject. Testresultsbasedon 14 subjectswill be availablein one
week. We arealsocomparingfacial expressiormeasurementy both humanand computerto the
self-reportquestionnaires.
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Figure5: Humanlabels(blue/dark)comparedo automatedsystemlabels(red/light) for
'joy’ (onesubjectoneobsener).

7 Conclusions

Computeranimatedagentsandrobotsbring a socialdimensionto humancomputerinter-
actionandforce usto think in new waysabouthow computersouldbe usedin dalily life.
Social robotsand agentsdesignedto recognizefacial expressionmight provide a much
moreinterestingandengagingsocialinteraction,which canbenefitapplicationsfrom au-
tomatectutorsto entertainmentobots. Faceto facecommunicatioris areal-timeprocess
operatingat a time scaleof lessthana second.The level of uncertaintyat this time scale
is considerablemakingit necessaryor humansandmachinedo rely on sensoryrich per
ceptualprimitivesratherthanslow symbolicinferenceprocessesin this paperwe present
progresn onesuchperceptuaprimitive: Realtime recognitionof facialexpressions.

Our resultssuggestthat userindependenfully automaticreal time coding of basicex-
pressionds an achievable goal with presentcomputerpower, at leastfor applicationsin
which frontal views or multiple camerasanbe assumedGood performanceesultswere
obtainedfor directly processinghe outputof anautomaticfacedetectomwithout the need
for explicit detectionandregistrationof facial features. A novel classificationtechnique
waspresentedhat combinedeatureselectionbasedon Adaboostwith featureintegration
basedon supportvector machines. The AdaSVM'’s outperformedAdaboostand SVM’'s
alone,andgave a considerableadvantagein speedover SVM'’s. Strongperformancere-
sults,93% and97% accuray for generalizatioio novel subjectswere presentedor two
publicly available datasetf facial expressionsollectedby experimentalpsychologists
expertin facialexpressions.

We introduceda techniquefor automaticallyevaluatingthe quality of human-robointer-
actionbasedon the analysisof facial expressionsThis testinvolvedrecognitionof spon-
taneoudacial expressionsn the continuousvideo streamduring unconstrainedbehaior.
The systempredictechumanjudgement®f joy with acorrelationof 0.87.

Within the pastdecadesignificantadvancesn machinelearningand machineperception
openup the possibility of automaticanalysisof facial expressions. Automatedsystems
will have atremendousmpacton basicresearchby makingfacialexpressiormeasurement
moreaccessibl@asa behaioral measureandby providing dataon the dynamicsof facial
behavior at a resolutionthat was previously unavailable. Suchsystemswill alsolay the
foundationsfor computerghat can understandhis critical aspectof humancommunica-
tion. Computersystemswith this capabilityhave a wide rangeof applicationsn basicand
appliedresearclareasjncludingman-machineommunicationsecurity law enforcement,
psychiatry educationandtelecommunications.
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