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Abstract

We presentresultson a userindependentfully automaticsystemfor real
time recognitionof basicemotionalexpressionsfrom video.Thesystem
automaticallydetectsfrontal facesin the video streamandcodesthem
with respectto 7 dimensions:neutral,anger, disgust,fear, joy, sadness,
surprise. The facefinder is basedon [18] with a more complex fea-
ture spaceandmultiframe exclusion rules. The expressionrecognizer
receivesimagepatcheslocatedby the facedetector. A Gaborrepresen-
tation[2] of thepatchis formedandprocessedby bankof 63 SVMs [3].
Thefinal codinginto 7 expressioncategoriesis performedvia multino-
mial ridge logistic regression,a naturalgeneralizationof SVMs to the
multinomial case. Strategiesfor performingmulticlassdecisionsusing
SVM’s arecompared.The effectivenessof Gabormagnitudefilters is
examined.Differentmethodsfor combininginformationfrom theupper
andlower regionsof the facearealsodiscussed.Resultson the Cohn-
Kanadedatasetof posedfacial expressionsarediscussed[9]. The gen-
eralizationperformanceto novel subjectson 7-way forcedchoicebased
on 614frameswas91.5%correct.Most interestinglytheoutputsof the
classifierchangesmoothlyasa functionof time, providing a potentially
valuablerepresentationto codefacialexpressiondynamicsin a fully au-
tomaticandunobtrusivemanner.

1 Intr oduction

CharlesDarwin wasoneof thefirst scientiststo recognizethat facialexpressionis oneof
themostpowerful andimmediatemeansfor humanbeingsto communicatetheiremotions,
intentions,andopinionsto eachother. In additionto providing informationaboutaffective
state,facial expressionsalsoprovide informationaboutcognitive state,suchas interest,
boredom,confusion,andstress,andconversationalsignalswith informationaboutspeech
emphasisandsyntax.

A numberof groundbreakingsystemshave appearedin thecomputervision literaturefor
facialexpressionrecognition.Thesesystemsincludemeasurementof facialmotionthrough
optic flow [19, 13, 15, 7] andthroughtrackingof high-level features[17], methodsfor re-
lating faceimagesto physicalmodelsof the facial skin andmusculature[13, 16, 12, 7],
methodsbasedon statisticallearningof images[5, 14, 11, 2], andmethodsbasedon bio-
logically inspiredmodelsof humanvision [1]. Automatedsystemsmayhaveatremendous
impacton basicresearchby makingfacial expressionmeasurementmoreaccessibleasa
behavioral measure,andby providing dataon thedynamicsof facialbehavior at a resolu-
tion that waspreviously unavailable. Computersystemswith this capabilityhave a wide
rangeof applicationsin basicandappliedresearchareas,includingman-machinecommu-
nication,security, law enforcement,psychiatry, educationandtelecommunications.

In this paperwe presentresultson a userindependentfully automaticsystemfor realtime



recognitionof basicemotionalexpressionsfrom video. Thesystemautomaticallydetects
frontal facesin thevideostreamandcodeseachframewith respectto 7 dimensions:neu-
tral, anger, disgust,fear, joy, sadness,surprise.We analyzethe effectivenessof different
imagerepresentations,andmethodsfor combininginformationfrom differentregionsof
theface.

2 Preparing training data

2.1 Dataset

The systemwas trainedand testedon Cohn and Kanade’s DFAT-504 dataset[4]. This
datasetconsistsof 100universitystudentsenrolledin introductorypsychologyclassesand
rangingin agefrom 18 to 30 years.65%werefemale,15%wereAfrican-American,and
3% wereAsianor Latino. Videoswererecodedin analogS-videousinga cameralocated
directly in front of the subject. Subjectswere instructedby an experimenterto perform
a seriesof 23 facial expressions.Subjectsbeganandendedeachdisplay from a neutral
face.Beforeperformingeachdisplay, anexperimenterdescribedandmodeledthedesired
display. Imagesequencesfrom neutralto targetdisplayweredigitized into 640by 480or
490pixel 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.The trained
classifierswerelaterappliedto theentiresequence.

2.2 Locating the faces

A fully automaticsystemsearchesfor facesin eachnew imageframe,by scanningoverall
locationsat multiple scales.In thecurrentsystem,eachframeis treatedindependently. To
dealrapidly with the hugeamountof data,mostof which is not partof a face,thereis a
hierarchicalrejectionof non-faces,startingwith verysimplecriteriawhicharequickto cal-
culate,andgettingprogressively morecomplex asthenumberof possiblefacecandidates
remaininggetssmaller. Thecascadesaretrainedusingadaboost.[18]

Theperformancefor findingfacesin variousonlineface-labelleddatabaseswasover90%,
with a falsealarmrateof onepermillion. Theperformancewasmuchbetterthanthis on
thedatasetusedfor this study, becausethefaceswerefrontal, focussedandwell lit, with
simplebackground.[8]

2.3 Preprocessing

Theface-finderreturnsthecoordinatesof a squarebox aroundtheface.No further regis-
trationwasperformed.Thecontentsof eachfacebox wasrescaledto 80x80andsymmet-
rically croppedto 48x48. After cropingthe distancebetweenthe centersof theeyeswas
24 pixelsonaverage.Figure1 showseveryotherframeof a typical sequence.

  SADNESS :        neutral to peak 

Figure1: Typical sequenceafterlocating,rescalingandcroppingfaces

Theseimageswereconvertedinto aGaborrepresentationusinga bankof 40 Gaborfilters,
onefor eachof 8 orientations,in incrementsof

� � , and5 spatialfrequencies,in half octave
incrementswith wavelengthsfrom 4 to 16 pixels. The convolutionswith the imagewere
implementedusingfastFouriertransforms.Themagnitudesof thecomplex-valuedconvo-
lution providedtherepresentationused.Theoutputswerenormalizationacrosstheimage,
to unit vectorlengthfor eachfilter. [10], [2],[6]



3 Training with two stagesof classifiers

In thetrainingdataset,thenumberof subjectsperemotioncategory is not balanced.This
presentsa subtlestatisticalproblem,in thatpersonaldifferencesbecomepredictive of the
differentexpressioncategories.Oneapproachto avoid this problemwasto useonly those
subjectsthat have all expressioncategories. Unfortunatelytherewere only 9 suchsub-
jects,resultingin a critical lossof data.We foundthat themosteffectivestrategy to avoid
this problemwasto split theclassificationinto two stages.Thefirst stageclassifierswere
trainedon every possiblepair of emotions. With six emotionsandneutral,thereare21
possibleemotionpairs(anger-fear, joy-neutralandsoon). Thesecondstageuseda multi-
classclassifierto yield asinglereadingfor eachemotion.Thenumberof subjectswhohad
bothof any givenpair of emotionsrangedfrom 21 to 64. Theaveragenumberof training
examplesperclassifierwas75.

Theoutputrepresentationof stage1 containedfar lessidentity informationthantheinput,
sothatthesecondstagetrainingcouldignoreidentity, andmakeuseof all availableexam-
ples.To testthereductionin identityinformationacrossstage1,neutralfaceswerematched
to their nearestneighborin theemotingset. Comparinginput andoutputrepresentations,
thepercentcorrectfell from 98.4%to 19.8%for 90 subjects.

3.1 Stage1 : Pairwise Emotion Classifiers

SupportVectorMachines[3] wereusedfor thepairwiseclassifiersin stage1.

+SVM7   disgust−anger −SVM7   anger−disgust

+SVM17   sadness−fear −SVM17   fear−sadness

Figure2: Receptivefieldsfor two SVMs. Right columnis simply thenegativeof left.

SVMsaresuitablefor thistaskbecausethehighdimensionalityof theGaborrepresentation
doesnot affect the training time for kernelclassifiersandbecausethe numberof training
exampleswasnot large. EachSVM is trainedto distinguish2 emotions.Trainingimages
cameonly from subjectswho displayedbothof theseemotions.Only thehighestintensity
frame from eachsequencewas used. Figure 2 shows examplesof the receptive fields
learnedby theseSVMs whenpixel-basedrepresentationsareused.

3.2 Stage2 classifiers

Thegoalof thesecondstageis to converttherepresentationproducedby thefirst stageinto
aprobabilitydistributionover7 expressioncategories.To thiseffect,wehaveimplemented
and evaluatedseveral approaches:nearestneighbor, a simple voting schemeand MLR
(multinomiallogistic ridgeregression).
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Figure3: Receptivefieldsfor eachemotion.

K-Nearestneighborprovedunsuccessful,scoring20 to 30%below otherclassifiers.

In thevoting scheme,eachSVM outputcontributesto thetwo relevantemotions,with one
positive andonenegative vote. The voting matrix appliedto the thresholdedoutputsof
Stage1 is shown on theleft of Figure4.

MLR is amaximumlikelihoodapproach,whichcloselyresemblessupportvectormachines
when the numberof classesis two, but which generalizesnaturally to multiple classes.
MLR is equivalentto a singlelayerperceptronwith weightdecayandwith SoftMaxcom-
petitionbetweentheoutputs.TheregressionwasimplementedusingtheNewton-Raphson
methodanda ridgetermcoefficientof

��� �����
.

Figure3 showsthecombinationof MLR weightswith SVM receptivefieldsasin Figure2.

4 Results

Classificationperformancewasevaluatedin termsof generalizationto new subjects,using
a leave-one-outparadigm.

4.1 Preprocessingand pairwise classifiers

Weevaluatedtheperformanceof classifierswith andwithoutGaborpreprocessing.Linear,
polynomial,LaplacianandGaussianSVM kernelsweretried. Linearandunit-widthGaus-
siankernel functionsworked the best. We evaluatedtraining initial classifierson whole
faces,upperhalf facesor lowerhalf faces.To comparetheperformancesfor thesedifferent
cases,voting wasusedfor the secondstage.The percentagecorrectfor novel subjectsis
shown, for variousconditions,in Table1.

FaceRegion GaborLin GaborRBF Pixel Lin Pixel RBF
Upper 75.2 76.9
Lower 80.9 83.2
Whole 85.2 86.2 73.1 73.3

Lower+Upper 82.9 83.1 70.2
Whole+Up+Lo 86.3 86.3 74.9 76.2

Table1: Performancefor Votingon SVMs



The bestperformancecamefrom a combinationof linear SVMs on upperGabors,lower
Gaborsandwholeface,whichperformedat 87.5%

An interestingcomparisonis earlyintegration(trainingtheSVMsonthewholeface)versus
late integration (training separateSVMs for upperand lower face,and then combining
the outputs). Psychophysicalexperimentsshow that in humansthe perceptionof facial
expressionsis well describedby a late integrationmodel in which the lower andupper
regionareindependentlyanalyzed[20]. Our resultswereconsistentwith thismodelin that
we foundthatprocessingtheupperandlower regionsof thefaceindependentlyresultson
lossof only a few percentpoints.

Table1 shows thatusingGaborrepresentationaddsmorethantenpercentagepointsto the
performance,so it is a crucial part of the system.Non-linearkernel functionsprovide a
small improvementover linearSVMs in somecases,however, linearSVMs have a speed
advantagein realtimeapplications.

4.2 Comparing Stage2 classifiers

MLR is typically 4 percentagepointsbetterthanvoting. Thebestperformancesofar was
basedon combining3 setsof pairwiseclassifiers.TrainingGaussianSVMs on upperface
Gabors,lower faceGaborsandon wholefaceimages,followedby MLR, theperformance
rosefrom 87.9%(voting result)to 91.5%.

Figure4: TheStage2 voting weightsareshown on the left andtheoptimalMLR weights
areshown ontheright. The7 columnsareemotions(Ang,Dis,Fear,Joy,Sad,Surp,Neut)and
the21 rowsarethepairwiseSVMs.

The weight matrix learnedby MLR is comparedwith the voting matrix, for the caseof
linearSVMs on wholefaceGabors,asshown in Figure4. Thestandarddeviation of these
weightsacross90 subjectswas lessthan 5% of the weight value. At first glance,the
learnedweightslook like a noisy versionof the voting weights. For example,the first 6
rowsrepresenttheemotion:neutralSVMs,andthewhitediagonalthatconnectseachpairto
its emotion,andtheblackbarin theneutralcolumnon theright, areclearlyvisible in both
matrices.However, the learnedweightshave morecross-talk,that is, pairwiseclassifiers
caninfluencetheestimatedlevel of athird emotion.For example,the3rdrow (fear:neutral)
haspositive links to fearandnegative to neutralasexpected,but it alsohasnegative links
to joy and angerandpositive to disgust. Theselinks are not reciprocated.Feargetsa
negative link from anger:neutral,but not from joy:neutralor disgust:neutral.Furthermore
theanger:fearSVM seemsnot to votefor fear. Thereis clearlysomecomplex interference
betweentherepresentationsof theseemotions.

5 SequenceProcessing

Althougheachimageis separatelyprocessedandclassified,it is possibleto stringtogether
the outputsfrom the framesof the original video sequencesto obtaingraphsof the time
evolutionof theexpressionasshown in Figure5.
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Figure5: The graphsshow the neutraloutputdecreasingandthe output for the relevant
emotionincreasingasa functionof time, for 6 sequencesfrom subject32.
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Figure6: Emotionandneutrallevelsin disgustandsadnesssequencesfor 2 subjects.



6 The Emotion Mirr or

The goal of emotionmirroring is to rendera characterin real time thatmimics the emo-
tional expressionof a person. The goal is not necessarilyto mimic eachfacial muscle
movementbut theoverall expressionof the face.Herewe describedtheapproachwe are
experimentingwith, andthatwill besubmittedfor a realtimedemonstrationin NIPS2002.
Figure7 showstheprototypesystematwork. Theimagesof thepersonon theleft sideare
a naturalrecording.The imagesof thepersonon theright sidearea reconstructionbased
on theemotioncodesof thefirst subject,but expressedby thesecondsubject.Giventwo
subjectswhohaveposedsequencesfor thesamesetof emotions,wematchframesfrom the
two subjectsby theshortestdistancebetweentheir 7-D emotioncodes,that is, theoutput
of eachof the7 emotionclassifiersfor eachframe.Notethatheadmovementandblinking
arenot codedandthusmirrored.

Figure7: Examplesof theemotionmirror. Barcodeon left measuresall 7 expressions

7 Conclusions

Our resultsshows thatuserindependentfully automaticreal time codingof basicexpres-
sionsis anachievablegoalwith presentcomputerpower, at leastfor applicationsin which
frontal views canbeassumed.Theproblemof classificationinto 6 basicexpressionscan
besolvedwith high accuracy by a simplelinearsystem,after theimagesarepreprocessed
by abankof Gaborfilters. Theseresultsareconsistentwith thosereportedby on a smaller
dataset[14]. We showeda two-stagemethodto trainasystemefficiently usingunbalanced
databases,in which thesamesubjectsdo not show examplesof eachexpressioncategory.



It is interestingto notethatgoodperformanceresultsareobtainedwhendirectly process-
ing the outputof an automaticfacedetectorwithout the needfor explicit detectionand
registrationof facialfeatures.
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