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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 presenprogreson aperceptuaprimitive to automatically
detectfrontal facesin the video streamandcodethemwith respecto 7

dimensiondn realtime: neutral,anger disgust,fear, joy, sadnesssur

prise. Theface nder employsacascadef featuredetectorgrainedwith

boostingechnique$l3, 2]. Theexpressiomrecognizeemplo/sacombi-
nationof AdaBoostandSVM's. The generalizatioperformanceo new

subjectdor a 7-way forcedchoicewasover 90%correcton two publicly

available datasets.The outputsof the classi er changesmoothlyas a

functionof time, providing a potentiallyvaluablerepresentatioto code
facialexpressiordynamicsn afully automaticandunobtrusve manner
The systemwasdeployed and evaluatedfor measuringspontaneoufa-

cial expressiongn the eld in anapplicationfor automaticassessmeruf

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. Thusful lling the ideaof machineghatinteractfaceto facewith us requires
developmentof robustreal-timeperceptve primitives. In this paperwe presentrst steps
towardsthe developmentof one suchprimitive: a systemthat automatically nds faces
in the visual video streamand codesfacial expressiondynamicsin real time. The sys-
tem automaticallydetectdrontal facesand codesthemwith respecto 7 dimensions:Joy,
sadnesssurprise,anger disgust,fear, andneutral. Speedand accuray are enhancedy
combiningfeatureselectionbasedon AdaBoostwith featureintegrationbasedon support
vectormachinesWe hostanonlinedemoof the systemat http://mplabucsd.edu.

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



andevaluatedthe systemin anapplicationfor recognizingspontaneoufacial expressions
from continuousvideoin the eld. We assesshe systemasa methodfor automaticmea-
suremenbdf 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 classi erstrainedby boostingtechniquesEachclassi er employs
integralimage Iters reminiscenbf HaarBasisfunctions which canbecomputedreryfast
atary locationandscalein constantime (seeFigurel). Ina24 24 pixel window, there
areover 160,000possible Iters of this type. For eachstagein the cascadea subsetof
featuresarechoserusingafeatureselectionprocedurébasedn AdaBoost3].

We enhancehe approachin [13] in the following ways: (1) Oncea featureis selectedoy

boosting,we re ne the selectionby nding the bestperformingsingle-featureclassi er

from a new setof lters generatedy shifting andscalingthe chosenlter by two pixels

in eachdirection,aswell ascomposite Iters madeby re ecting eachshiftedandscaled
featurehorizontally aboutthe centerand superimposingt on the original. This canbe

thoughtof asa single generatiorgeneticalgorithm,andis muchfasterthanexhaustvely

searchindor thebestclassi eramongall 160,000possiblelters andtheirre ection-based
cousins.

(2) While [13] useAdaBoostin their featureselectionalgorithm, which requiresbinary
classi ers, we employed Gentleboostdescribedn [4], which usesreal valuedfeatures.
Figure2 shownsthe rst two Iters choserby the systemalongwith therealvaluedoutput
of theweaklearnergor tuningcurves)built onthose Iters. Notethebimodaldistribution
of lter 2.

(3) Wehavealsodevelopedatrainingproceduresothataftereachsinglefeature thesystem
can decidewhetherto test anotherfeatureor to make a decision. This systemretains
information aboutthe continuousoutputsof eachfeaturedetectorratherthan cornverting
to binary decisionsat eachstageof the cascade.Preliminaryresultsshov potentialfor
dramaticimprovementsn speedwith nolossof accurag overthe currentsystem.

The facedetectorwastrainedon 5000facesandmillions of non-facepatchefrom about
8000imagescollectedfrom the web by CompagResearch.aboratories Accurag on the
CMU-MIT dataset(a standard public datasetfor benchmarkingrontal face detection
systems)s comparabldo [13]. Becausehe strongclassi ersearlyin the sequencaeed
very few featuresto achieve goodperformancethe rst stagecanreject60% of the non-
facesusingonly 2 featuresusingonly 20 simpleoperationspr about60 microprocessor
instructions),the averagenumberof featuresthat needto be evaluatedfor eachwindow
is very small, makingthe overall systemvery fast. We madethe sourcecodefor the face
detectorfreely availableat http://www.sourcefoge.net/pojects/lolmogorov.

3 Facial expressionclassi cation
3.1 Dataset

The facial expressionsystemwas trained and testedon Cohn and Kanades DFAT-504
datase{6]. This datasetonsistsof 100 university studentgangingin agefrom 18to 30
years. 65% were female, 15% were African-American,and 3% were Asian or Latino.
Videoswererecodedn analogS-videousinga camerdocateddirectlyin front of the sub-
ject. Subjectswereinstructedoy an experimenterto performa seriesof 23 facial expres-
sions.Subjectdbeganandendedeachdisplaywith a neutralface.Beforeperformingeach
display anexperimentedescribecindmodeledhedesireddisplay Imagesequenceom
neutralto targetdisplayweredigitizedinto 640by 480 pixel arrayswith 8-bit precisionfor
grayscalevalues.



a. b. C. d.

Figurel: Integralimage lters (afterViola & Jones2001[13]). a. Thevalueof the pixel
at(x; y) is thesumof all the pixelsabove andto theleft. b. The sumof the pixelswithin
rectangleD canbecomputecas4+ 1 (2 + 3). (c) Eachfeatureis computedby taking
thedifferenceof the sumsof thepixelsin thewhite boxesandgrey boxes.Featuresnclude
thoseshawvn in (c), asin [13], plus (d) the samefeaturessuperimposedn their re ection
abouttheY axis.

a. b. c. d.

Figure2: The rst two featureqa,c)andtheir respectie tuning curves(b,d). Eachfeature
is shawvn over the averageface. The rst tuning curve shavs thata dark horizontalregion

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

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

non-face.

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. The rst andlastframes(neutralandpeak)
wereusedastraining imagesandfor testinggeneralizatiorto new subjectsfor a total of
626 examples.Thetrainedclassi erswerelaterappliedto the entiresequence.

All facesin this datasetveresuccessfullydetected.The automaticallylocatedfaceswere
rescaledo 48x48pixels.Thetypical distancebetweerthe centersof the eyeswasroughly
24 pixels. No furtherregistrationwasperformed,.e. no explicit detectionandalignment
of internalfacialfeaturesvasperformed.Therecognitionsystempresentedhereperforms
well without that step,providing a considerablesavings in processingime. The images
were cornvertedinto a Gabormagnituderepresentationjsinga bankof Gabor Iters at 8

orientationsand>5 spatialfrequencieg4:16 pixelspercycle at 1/2 octave steps) 7].

4 SVM'sand AdaBoost

SVM performancavascomparedo AdaBoostfor emotionclassi cation. The systemper
formeda 7-way forcedchoicebetweerthe following emotioncateyories:Happinesssad-
nesssurprisedisgustfear, anger neutral. Theclassi cationwasperformedn two stages.
First, seven binary classi ersweretrainedto discriminateeachemotionfrom everything
else.Theemotioncatgory decisionwasthenimplementedy choosinghe classi er with
the maximumoutputfor thetestexample.



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

The featuresemployedfor the AdaBoostemotionclassi er weretheindividual Gabor I-
ters. Therewere48x48x40= 92160possiblefeatures A subsebf theselters waschosen
usingAdaBoost. On eachtraining round,the thresholdandscaleparametenf each Iter
wasoptimizedandthe featurethat provided bestperformanceon the boosteddistribution
waschosen.

During AdaBoost training for eachemotionclassi er continueduntil the distributionsfor
the positive and negative samplesvere separatedy a gap proportionalto the widths of
thetwo distributions. Thetotalnumberof Iters selectedisingthis procedurevas538for
48x48imageswith 5 Gaborfrequencies.

Resultsareshowvn in Table1. Thegeneralizatiorperformance87.2%,wascomparabldo
SVM performance AdaBoostand SVM performanceslid not differ signi cantly on ary
conditionstested AdaBoostwassubstantiallyfasterasshavnin Table2. Here,thesystem
calculatedheoutputof Gabor Iters lessef ciently, astheconvolutionsweredonein pixel
spaceratherthanFourier space put the useof 200timesfewer Gabor lters nevertheless
resultedn asubstantiabpeediene t.
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Figure3: a. Gaborsselectedoy AdaBoostfor eachexpression.White dotsindicateloca-
tionsof all selectedsabors.Below eachexpressioris alinearcombinationof therealpart
of the rst 5 AdaBoostfeaturesselectedor thatexpression Facesshavn area meanof 10
individuals.b. Wavelengthdistribution of featuresselectedy AdaBoost.

5 AdaSVM's

AdaBoostprovidesanaddedvalueof choosingwhich featuresaremostinformative to test
ateachstepin the cascadeFigure3aillustratesthe rst 5 Gaborfeatureschoserfor each
emotion.Thechoserfeaturesshav no preferencdor direction,but thehighestfrequencies
are chosenmore often. Figure 3b shavs the numberof chosenfeaturesat eachof the 5
wavelengthaused.

We tried an approachin which the GaborFeatureschosenby AdaBoostwere usedasa
reducedepresentatioffior training SVM's, calledAdaSVM's in abbreviation of Adaptive
BoostingSelected-eatureRepresentations SupportVectorMachines.AdaSVM's out-



performedSVM's by 2.7 percentpoints,animprovementthat was maminally signi cant
(z=1.55,p=0.06).

Examinationof the frequeng distribution of the Gabor lter selectedoy AdaBoostsug-
gestedhatawider rangeof spatialfrequenciesparticularlyin thehigh spatialfrequencies,
could potentiallyimprove performancelndeed by increasingrom 5 to 9 spatialfrequen-
cies(2:32 pixelspercycle at 0.5 octave steps) performanceof the AdaSVM improvedto
93.3%correct.(SeeTable1.) At this spatialfrequeng range the performanceadvantage
of AdaSVM's wasgreater AdaSVM's outperformedoboth AdaBoost(z=2.1,p=.02) and
SVM's (z=2.6,p< .01).

Performancef the systemwasalsoevaluatedon a secondpublicly availabledatasetPic-

turesof Facial Affect[1]. We obtained97% accurag for generalizatiorio novel subjects,
usingthe AdaSVM combinedclassi ers. This is about10 percentaggointshigherthan

thebestpreviously reportedresultson this datasete.g.[9, 8]).

An emegentpropertywasthatthe outputsof the classi er changesmoothlyasa function
of time, providing a potentiallyvaluablerepresentatioto codefacialexpressiordynamics
in afully automaticandunobtrusve manner (SeeFigure5.) In the next section,we apply
this systemto assessingpontaneoufacial expressionsn 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

Tablel: Generalizatioperformancef AdaBoost,SVMsandAdaSVM's.! : Gaborwave-
lengthrange sampledat 0.5 octave intervals.

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

Table 2: Processingime and memorycomparison. Time t® includesthe extra time to
calculatethe outputsof the 538 Gaborsin pixel spacefor AdaBoostandAdaSVM, rather
thanthe full FFT employed by the SVM's. This tableis for 48x48 pixels and 5 spatial
frequencies.

6 Deploymentand evaluation: Automatic evaluation of human-robot
interaction

We conducteda pilot study at the Intelligent Roboticsand Communicationlaboratories
at ATR, Japanto evaluatethe systemasa tool for automaticallymeasuringhe quality of
human-robosocialinteraction andto evaluatetheexpressiorrecognitionsystenin uncon-
strainedervironments.This testinvolvedrecognitionof spontaneoufacial expressionsn
the continuousvideo streamduringunconstraineéhteractionwith a socialrobot. Subjects
interactedwith RoboMe, a communicatiorrobotdevelopedat ATR andthe University of
Osakd5].



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

Thiswasachallengingestof the systemthatinvolvedsigni cant deviationsfrom the con-
ditions usedfor training the system: The experimentincludedunconstrainetheadmove-
ment,presencef glassegtherewerenoglassesn thetrainingset),new racialcomposition
(100%Asianfor thistestcomparedo 3% in training),andchangesn lighting conditions.
14 paid participantsrecruitedfrom the university of Osakawereinvited to interactwith

RoboMe for a5 minuteperiod. 10 subjectsveremale,4 female,5 woreglassesandall 14
wereAsian. To addresainconstrainetieadmovementwe simultaneouslyecordedvideo
from 4 videocameras(SeeFigure4.) Facesvereautomaticallydetectecandfacialexpres-
sionsclassi edindependentlyn thefour video streamsThis resultedn a 28 dimensional
vectorpervideoframeconsistingof the continuousutputsof the serenemotionclassi ers
(thedistanceo theseparatindiyperplane) 4 cameras.

To assesshe validity of the system four naive humanobsenrerswere presentedvith the

videos of eachsubjectat 1/3 speed. The obsenrersindicatedthe amountof happiness
shawvn by the subjectin eachvideo frameby turning a dial, a techniquecommonlyused

in marketing research.The meanframe-byframe correlationbetweenhumanjudgesand

otherhumanjudgeswas0.54,averagedacrosssubjectsandjudgepairs.

While in principle we expect28 outputsper video frame,in practicemissingvalues,oc-
curredoften, dueto the fact that the facewas not detectedn one or more of the video
streams.To combineinformationfrom the 4 camerasvhile dealingwith missingvalues
we modeledhe 28 dimensionalnput vectorplusthe happinesscorefor eachvideoframe
asa 29 dimensionalGaussiardistribution. Maximum likelihood estimatesf the model
parametergmeanandcovariancematrix) wereobtainedusingthe EM algorithm.Oncethe
meanand covariancematrix are known one can easily computemost probableestimates
for the happinesscoreof eachframegivenary subsebf the 28 input variables.We tried
several variationsof this model,somewith extendedinput vectorsincluding the meanof
the 8 time stepspreceedingandfollowing the currentframe,for atotal of 84 valuesin the
input. The outputunderwentemporalsmoothingby convolving with a Gaussiar{ = 33
frames).

Figure5 comparedhiumanjudgmentswith the automatedystem.The averagecorrelation
betweenthe 4 judgesand the automatedsystemon training datawas 0.56, which does
not differ signi cantly from the human/humarmgreementf 0.54(t(13) = 0.15,p< 0.875).
Generalizatiomperformancdor new imagesof known subjectsvastestedusingleave-one-
outcross-alidation. Thesystemwastrainedon 4 minutesof videodatafor agivensubject,
andtestedon theremainingl minute. This wasrepeated! timesper subject.Meancorre-
lation acrosgthe 14 subjectavas.30. The correlationwasstatisticallysigni cant (t(1798)
=13.3,p << .001). Smoothingthe input hadlittle effect on generalizatiorperformance
andwasdropped.Theoutputsmoothinghowever, doubledthe correlationcoefcient from



Figure5: Meanhumanlabels(—) comparedo automatedsystemlabels(-) for joy' (one
subjectoneobserer, trainingresults).

theno-smoothingondition. Meancorrelationfor femalesvashigherthanmales(0.42vs.
0.24;p << .001),andmeancorrelationfor subjectswith no glassesvashigherthanfor
thosewith glasseg0.36vs. 0.20;p << .001). Meancorrelationfor all subjectswithout
occludergonesubjectworea hat),was0.39.

The inter-coderagreemenbf the humancoderspredictedsystemperformancewherethe
systemgave betterperformancen subjectdor whominter-coderagreementvasalsohigh
(r=0.60;t(12)=2.6;p < .01). Anotherpredictorof systemperformancevastheexpressvity

of the subject,ratedby a humanobsener on a 1-10 scale. For the 9 subjectswith no
occludersthe systemgave betterperformancen subjectswith higherexpressvity ratings
(r=.64;1(7)=2.2; p< .01). Therewasa trendfor the femalesubjectsto be ratedasmore
expressve thanthe males,which may accountin partfor the performanceadvantagefor

femalesubjects.

7 Conclusions

Faceto facecommunicationis a real-timeprocessoperatingat a time scaleof lessthan
a second.The level of uncertaintyat this time scaleis considerablemakingit necessary
for humansand machinesto rely on sensoryrich perceptuabrimitivesratherthan slow
symbolicinferenceprocessesin this paperwe presentprogresson one suchperceptual
primitive: Realtime recognitionof facialexpressions.

Ourresultssuggesthatuserindependentully automaticrealtime codingof basicexpres-
sionsis anachievablegoalwith presentomputempower, atleastfor applicationgn which

frontal views or multiple camerasan be assumed.Good performanceesultswere ob-

tainedfor directly processinghe outputof anautomatidacedetectomwithoutthe needfor

explicit detectionandregistrationof facialfeatures.A novel classi cationtechniquewas
presentethatcombinedeatureselectiorbasedn AdaBoostwith featureintegrationbased
on supportvectormachines.The AdaSVM's outperformedAdaBoostand SVM's alone,
andgave a considerabladvantagen speecbver SVM's. Strongperformanceesults 93%
and 97% accuray for generalizatiorto novel subjects,were presentedor two publicly

available dataset®f facial expressiongollectedby experimentalpsychologistsexpertin

facialexpressions.

We introduceda techniquefor automaticallyevaluatingthe quality of human-robointer-
actionbasedon the analysisof facial expressionsThis testinvolvedrecognitionof spon-
taneoudacial expressionsn the continuousvideo streamduring unconstrainedbehavior.
The systempredictechumanjudgmentf joy in testsequencesiNe arepresentlyevaluat-
ing this systemasapotentialnew tool for researclhin behaioral andclinical studies We are
alsodevelopingautomatidaceimagealignmentin 3D, which mayimprove performance.



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