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Abstract

We presentesultson a userindependentully automaticsystemfor real
time recognitionof basicemotionalexpressiongrom video. Thesystem
automaticallydetectsfrontal facesin the video streamand codesthem
with respecto 7 dimensions:neutral,anger disgust,fear, joy, sadness,
surprise. The facefinder is basedon 518] with a more complex fea-
ture spaceand multiframe exclusionrules. The expressionrecognizer
recevvesimagepatchedocatedby the facedetector A Gaborrepresen-
tation [2{ of the patchis formedandprocessedy bankof 63 SVMs [3].
Thefinal codinginto 7 expressioncategoriesis performedvia multino-
mial ridge logistic regression,a naturalgeneralizatiorof SVMs to the
multinomial case. Stratgjiesfor performingmulticlassdecisionsusing
SVM’s are compared. The effectivenessof Gabormagnitudefilters is
examined.Differentmethodgor combininginformationfrom the upﬁer
andlower regionsof the facearealsodiscussed.Resultson the Cohn-
Kanadedatasebf posedfacial expressionsarediscussed9]. The gen-
eralizationperformanceo novel subjectson 7-way forcedchoicebased
on 614 frameswas91.5%correct. Most interestinglythe outputsof the
classifierchangesmoothlyasa function of time, providing a potentially
valuablerepresentatioto codefacial expressiordynamicsin afully au-
tomaticandunobtrusive manner

1 Intr oduction

CharlesDarwin wasoneof thefirst scientistso recognizethatfacial expressioris oneof
themostpowerful andimmediatemeandor humanbeingsto communicateheiremotions,
intentions,andopinionsto eachother In additionto providing informationaboutaffective
state,facial expressionsalso provide information aboutcognitive state,suchasinterest,
boredom confusion,andstressandcorversationakignalswith informationaboutspeech
emphasisandsyntax.

A numberof groundbreakingsystemshave appearedn the computervision literaturefor
facialexpressiorrecognition.Thesesystemsncludemeasuremerdf facialmotionthrough
opticflow [19, 13, 15, 7] andthroughtrackingof high-level featured17], method<or re-
lating faceimagesto physicalmodelsof the facial skin and musculaturg13, 16, 12, 7],
methodsbasedon statisticallearningof images[5, 14, 11, 2], andmethodsbasedon bio-
logically inspiredmodelsof humanvision Hl]. Automatedsystemsnayhave atremendous
mgaqton basicresearchby makingfacial expressionmeasuremenmore accessibleasa
behaioral measureandby providing dataon the dynamicsof facialbehaior at a resolu-
tion that was previously unavailable. Computersystemswith this capability have a wide
rangeof applicationdn basicandappliedresearclareasjncludingman-machineommu-
nication,security law enforcementpsychiatry educatiorandtelecommunications.

In this paperwe presentesultson auserindependentully automaticsystemfor realtime



recognitionof basicemotionalexpressiongrom video. The systemautomaticallydetects
frontal facesin the video streamandcodeseachframewith respecto 7 dimensionsneu-
tral, anger disgust,fear, joy, sadnesssurprise. We analyzethe effectivenessof different
irglafgerepresentationsan methodsfor combininginformationfrom differentregions of

theface.

2 Preparing training data

2.1 Dataset

The systemwas trained and testedon Cohn and Kanades DFAT-504 datasel{4]. This
datasetonsistof 100university studentsenrolledin introductorypsychologyclasseand
rangingin agefrom 18 to 30 years. 65% werefemale,15% were African-American,and
3% wereAsianor Latino. Videoswererecodedn analogS-videousinga camerdocated
directly in front of the subject. Subjectswere instructedby an experimenterto perform
a seriesof 23 facial expressions.Subjectsbegan and endedeachdisplay from a neutral
face.Beforeperformingeachdisplay anexperimentedescribecandmodeledthe desired
display Imagesequencefrom neutralto targetdisplayweredigitizedinto 640 by 480 or
490pixel 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 1to 6 emotiong)ersubject.Thefirst andlastframes(neutralandpeak)
were usedastraining imagesandfor testinggeneralizatiorto newv subjects. The trained
classifieraverelaterappliedto the entiresequence.

2.2 Locating the faces

A fully automaticsystemsearchesor facesn eachnew imageframe,by scannirég)verall
locationsat multiple scales.In the currentsystemeachframeis treatedndependentlyTo
dealrapidly with the hugeamountof data,mostof which is not partof a face,thereis a
hierarchicalejectionof non-facesstartingwith very simplecriteriawhich arequickto cal-
culate,andgettingprogressiely morecomplex asthe numberof possiblefacecandidates
remaininggetssmaller Thecascadearetrainedusingadaboost[18]

Theperformancdor finding facesn variousonlineface-labelledlatabasesvasover 90%,
with afalsealarmrateof onepermillion. The performancavasmuchbetterthanthis on
the datasetusedfor this study becausehe faceswerefrontal, focussedandwell lit, with
simplebackground]8]

2.3 Preprocessing
The face-findereturnsthe coordinatef a squarebox aroundthe face. No further regis-
trationwasperformed.The contentf eachfacebox wasrescaledo 80x80andsymmet-

rically croppedto 48x48. After cropingthe distancebetweenthe centersof the eyeswas
24 pixelson average.Figurel shavs every otherframeof atypical sequence.
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Figurel: Typical sequenceafterlocating,rescalingandcroppingfaces

Thesemageswerecorvertedinto a Gaborrepresentationsinga bankof 40 Gabofrfilters,
onefor eachof 8 orientationsjn incrementf %, and5 spatialfrequenciesin half octave

incrementswith wavelengthsirom 4 to 16 pixels. The corvolutionswith theimagewere
implementedusingfastFouriertransforms.The magnitude®f the complex-valuedcorvo-
lution providedthe representationsed.The outputswerenormalizationacrosgheimage,
to unit vectorlengthfor eachfilter. [10], [2],[6]



3 Training with two stagesof classifiers

In thetraining datasetthe numberof subjectsper emotioncatayory is not balanced.This
presentsa subtlestatisticalproblem,in that personablifferenceshecomepredictive of the
differentexpressiorcategyories. Oneapproactto avoid this problemwasto useonly those
subjectsthat have all expressioncategories. Unfortunatelytherewere only 9 suchsub-
jects,resultingin a critical lossof data. We foundthatthe mosteffective strateyy to avoid

this problemwasto split the classificationinto two stages.Thefirst stageclassifiersvere
trainedon every possiblepair of emotions. With six emotionsand neutral,thereare 21
possibleemotionpairs(angetfear, joy-neutralandsoon). The secondstageuseda multi-

classclassifierto yield a singlereadingfor eachemotion. Thenumberof subjectsvho had
bothof ary givenpair of emotionsrangedfrom 21 to 64. The averagenumberof training
examplesperclassifierwas75.

Theoutputrepresentationf stagel containedar lessidentity informationthantheinput,
sothatthe secondstagetraining couldignoreidentity, andmake useof all availableexam-
ples. Totestthereductionin identityinformationacrosstagel, neutraffacesverematched
to their nearesnheighborin the emotingset. Comparinginput andoutputrepresentations,
the percentcorrectfell from 98.4%to 19.8%for 90 subjects.

3.1 Stagel: Pairwise Emotion Classifiers

SupportVectorMachineq 3] wereusedfor the pairwiseclassifierdn stagel.

+SVM7 disgust-anger —-SVM7 anger-disgust
3

Figure2: Receptve fieldsfor two SVMs. Right columnis simply the negative of left.

SVMsaresuitablefor thistaskbecaus¢hehigh dimensionalityof the Gaborrepresentation
doesnot affect the training time for kernelclassifiersandbecausehe numberof training
exampleswasnot large. EachSVM is trainedto distinguish2 emotions.Trainingimages
cameonly from subjectavho displayedboth of theseemotions.Only the highestintensity
frame from eachsequencewas used. Figure 2 shavs examplesof the receptie fields
learnedby theseSVMs whenpixel-basedepresentationareused.

3.2 Stage? classifiers

Thegoalof thesecondstages to corverttherepresentatioproducedy thefirst stageinto
aprobabilitydistribution over 7 expressiorcatgories. To this effect, we haveimplemented
and evaluatedseveral approachesnearesteighbor a simple voting schemeand MLR
(multinomiallogistic ridgeregression).
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Figure3: Receptve fieldsfor eachemotion.

K-Nearesteighbomrovedunsuccessfukcoring20to 30%below otherclassifiers.

In thevoting schemegachSVM outputcontritutesto thetwo relevantemotionswith one
positive and one negative vote. The voting matrix appliedto the thresholdedutputsof
Stagel is shavn ontheleft of Figure4.

MLR is amaximumlik elihoodapproachwhich closelyresemblesulpportvectormachines
when the numberof classeds two, but which generalizesaturally to multiple classes.
MLR is equivalentto a singlelayer perceptrorwith weightdecayandwith SoftMaxcom-
petitionbetweerthe outputs.Theregressiorwasimplementedisingthe Newton-Raphson
methodandaridgetermcoeficientof 0.001.

Figure3 shavsthecombinationof MLR weightswith SVM receptvefieldsasin Figure2.

4 Results

Classificatiorperformancavasevaluatedn termsof generalizatiorio new subjectsusing
aleave-one-ouparadigm.

4.1 Preprocessingand pairwise classifiers

We evaluatedheperformancef classifiersvith andwithout Gaborpreprocessing.ineatr,

polynomial,LaplacianandGaussiarsVM kernelsweretried. Linearandunit-width Gaus-
siankernelfunctionsworked the best. We evaluatedtraining initial classifierson whole
facesupperhalf facesor lower half faces.To compareahe performancefor thesedifferent
casesyoting wasusedfor the secondstage. The percentageorrectfor novel subjectss

shown, for variousconditions,in Table1.

FaceReggion  GaborLin  GaborRBF PixelLin  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

Tablel: Performancéor Voting on SVMs



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

An interestingcomparisoris earlyintegration(trainingthe SVMs onthewholeface)versus
late integration (training separateSVMs for upperand lower face, and then combinin
the outputs). Psychophysicaéxperimentsshowv thatin humansthe ﬁerceptionof facia
expressionss well describedby a late integration modelin which the lower and upper
regionareindependentlyanalyzed20]. Ourresultswereconsistentvith this modelin that
we foundthatprocessinghe upperandlower regionsof the faceindependentlyesultson
lossof only afew percentpoints.

Tablel shavsthatusingGaborrepresentatioaddsmorethanten percentag@ointsto the
performancesoit is a crucial part of the system. Non-linearkernelfunctionsprovide a
smallimprovementover linear SVMs in somecaseshowever, linear SVMs have a speed
adwantagdn realtime applications.

4.2 Comparing Stage2 classifiers

MLR is typically 4 percentaggointsbetterthanvoting. The bestperformancesofar was

basedon combining3 setsof pairwiseclassifiers.Training GaussiarSVMs on upperface

GaborsJower faceGaborsandon wholefaceimagesfollowedby MLR, the performance
rosefrom 87.9%(voting result)to 91.5%.

Figure4: The Stage2 voting weightsareshavn on theleft andthe optimal MLR weights
areshovn ontheright. The 7 columnsareemotiong/Ang,Dis,Feadoy,Sad,Surp,Neugnd
the21rows arethe pairwiseSVMs.

The weight matrix learnedby MLR is comparedwith the voting matrix, for the caseof
linear SVMs on wholefaceGabors asshavn in Figure4. The standardieviation 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
rowsrepresentheemotion:neutrabVMs, andthewhite diagonathatconnecteachpairto
its emotion,andthe blackbarin the neutralcolumnontheright, areclearlyvisible in both
matrices.However, the learnedweightshave more cross-talk thatis, pairwiseclassifiers
caninfluencetheestimatedevel of athird emotion.For example the 3rdrow (fear:neutral)
haspositive links to fearandnegative to neutralasexpectedbut it alsohasnegative links
to joy and angerand positive to disgust. Theselinks are not reciprocated. Feargetsa
negative link from anger:neutralbut not from joy:neutralor disgust:neutralFurthermore
theanger:feaSVM seemshotto votefor fear Thereis clearlysomecomplex interference
betweertherepresentationsf theseemotions.

5 SequenceProcessing

Althougheachimageis separatelyprocesse@dndclassifiedjt is possibleto stringtogether
the outputsfrom the framesof the original video sequence$o obtaingraphsot the time
evolution of theexpressiorasshownn in Figure5.



ANGER

1
0
0 0.2 0.4 0.6
FEAR
1
0.5 Y
0
0 0.1 .2 0.3 0.4 0.5
SADNESS
1
0.5 y‘:i:t3<iiiirji/i/r&')ﬁq
0
0 0.2 0.4 0.6 0.8 1
seconds

DISGUST
1
0
0 0.2 0.4 0
JOoy
1
0
0 0.2 0.4 0
SURPRISE
1
05 \'[ |
0
0 0.2 0.4 0.6 0.8
seconds

Figure5: The graphsshov the neutraloutputdecreasingand the outputfor the relevant
emotionincreasingasa functionof time, for 6 sequencefom subject32.
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Figure6: Emotionandneutrallevelsin disgustandsadnessequencefor 2 subjects.



6 The Emotion Mirr or

The goal of emotionmirroring is to rendera characteiin real time that mimics the emo-
tional expressionof a person. The goal is not necessarilyto mimic eachfacial muscle
movementbut the overall expressiorof the face. Herewe describedhe approachwe are
experimentingwith, andthatwill be submittedfor arealtime demonstratiomn NIPS2002.
Figure7 shawvsthe prototypesystematwork. Theimagesof the persorontheleft sideare
anaturalrecording. Theimagesof the personon theright sidearea reconstructiorbased
on the emotioncodesof the first subject,but expressedy the secondsubject. Giventwo

subjectavho have posedsequencefor thesamesetof emotionswe matchframesfrom the

two subjectshy the shortestdistancebetweertheir 7-D emotioncodes thatis, the output
of eachof the 7 emotionclassifierdor eachframe. Note thatheadmovementandblinking

arenotcodedandthusmirrored.

Figure7: Examplesof theemotionmirror. Bar codeon left measuresll 7 expressions

7 Conclusions

Our resultsshavs that userindependentully automaticreal time codingof basicexpres-
sionsis anachievablegoalwith presentomputepower, at leastfor applicationsn which
frontal views canbe assumed.The problemof classificationinto 6 basicexpressionsan
be solvedwith high accurag by a simplelinear system afterthe imagesarepreprocessed
by abankof Gaborfilters. Theseresultsareconsistentvith thosereportedoy onasmaller
datasef14]. We shovedatwo-stagemethodto train a systemefficiently usingunbalanced
databasesn which the samesubjectsdo not shav examplesof eachexpressiorcategory.



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