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Abstract

We describea methodfor learning classesof facial motion
patternsfrom video of a humaninteracting with a comput-
erizedembodiedhgent. Themethodalsolearnscorrelations
betweenthe uncorered motion classesand the current in-
teraction context. Our work is motivatedby two hypothe-
ses. First, a computeruser's facial displayswill be con-
text dependentespeciallyin the presenceof an embodied
agent. Secondead interactantwill usetheir facein dif-
ferentways, for different purposes. Our methoddescribes
facial motion using optical ow over the entire face pro-
jectedto thecompleteorthogonalbasisof Zernike polynomi-
als. A contet-dependentixture of hiddenMarkov models
(cmHMM) clustes the resultingtempoal sequencesf fea-
ture vectoss into facial display classes.We apply the clus-
tering tedhniqueto sequencesf continuousvideo,in which
a singlefaceis tracked and spatially sgmented We discuss
theclasseof patternsuncoveredfor a numberof subjects.

1 Intr oduction

Recently the notion thatthe primary function of facial dis-
playsis the expressionof emotionhasbeenchallengedoy
psychologistsywho have proposeda modelof humanfacial
displaysassignalsof socialintent (the Behavioal Ecology
View) [7]. They take the positionthathumansusetheir face
asaway of communicatinghroughthe mediumof a social
contxt. For example,the reasondacial displaysare used
in normal corversationsnclude both semanticand syntac-
tic supportof what the spealer is saying,aswell asreac-
tions in the listenersfaceto offer supportof continuation
of the dialog [4]. Humancomputerinteractionresearchers
have also moved towardsthe ecologicalview, andhave fo-
cusedon interpretingthe humanfaceasa signalingmecha-
nism(3]. Thatthesameconclusionsapplyto bothgroupsof
researcherts not surprisinggiventhe mediaequation[13]:
the principleswhich apply to interhumancommunication
shouldapplyto human-computecommunication.
Analyzingfacialdisplaysascommunicatve mechanisms
hasimportantrami cations for the designof facial display
recognitionsystems. Facial displaysare dependenbn the
momentarycontext in which the displayis showvn [7]. Con-
text is de ned asthe circumstanceselevant to the display

andmay include concurrentor proximatespeechgestures,
or ervironmentalfactors.For example,eyebrovs aresome-
timesraisedduring corversationwhenthe spealer is think-
ing or remembering.However, eyebrovs arealsoraisedin
backchannetlisplaysof acknavledgmentor whenanindi-
vidual is taking turn in a corversation[3]. In ary casethe
obsenedfacialdisplaycarriedlittie meaningby itself, while
the combinationof the currentcontext andthe obseredfa-
cial displayis meaningful.

Theparticularcon gurationsandmotionsobseredin fa-
cial displaysareindividual dependenfd]. Thisindividuality
of displaysis governedn partby cultural,educationalsitua-
tional andphysicalfactorg[16]. Furthermorealthoughpeo-
ple mayusesimilarfacialdisplaysthey usethemin dissimi-
lar situations.Thisimpliesthatpre-de ned,userandcontext
independeninodelsof facialdisplayswill notbe sufcient.
A facialdisplayrecognitionsystemmustadaptto the ways
in which a particularhumanis usingtheir face.

This papermpresenta methodfor adaptve andcontext de-
pendentrecognitionof humanfacial displays. Our system
usesa color video camerato track the faceof a humanin-
teractingwith an on-screerembodiedagent. The inclusion
of anembodiedfaceis important,in orderto opena facial
displaycommunicatiorchanneto give the humanareason
to usetheir face). The motionin the humans faceis de-
scribedusingoptical o w over the entireface,projectedto
the completeorthogonalbasisof Zernike polynomials.The
trajectoriesof the resultingfeaturevector are modeledus-
ing a context dependentixture of hiddenMarkov models
(cmHMM). The cmHMM is a mixture of hiddenMarkov
models[14] augmentedwvith an (obsened) context which
conditionsthe mixture model. The cmHMM s trainedon
a setof unlabeledsequencesandextractsmodelsof salient
displaypatternsandof correlationswith the currentactions
of theembodiedagentthecontext). Thisunsupervisedlus-
teringmethodallows for useradaptatiorandfor integration
of context. In this work, we examinewhat motion patterns
canbe extractedwithout any prior informationaboutfacial
displays. However our Bayesianapproachcan be incorpo-
ratedwith prior knowledgeof cross-indvidual statistics.

Most human-computeiinteraction systemsreact to a
small, pre-de nedsetof userhandgesturesheadmotions,
andfacial displays[3]. Our work differsin that we make
no assumptiongboutthefacialdisplaysa particularhuman
will be using. While researcherfiave examinedunsuper



visedclusteringof humangesturesequencefl7, 15], to our
knowledgeno work hasfocusedon facialdisplays.Wrenet.
al [17] investigataunderstandingurposefuhumangestures
usinga combinatiorof akinematicmodelof humanmotion,
amixture of hiddenMarkov modelsanda high-level classi-
er, similarto ourapproach.

Section2 shovs how we obtainfeaturevectorsrepresen-
tative of motionin theface.Section3 presentshe mixture of
hiddenMarkov modelsasa clusteringtechniquefor tempo-
ral patternsof featurevectors,andshavs how to incorporate
contet. Section4 presentsesultsfrom a numberof differ-
entsubjecteengagedn afacialdisplayimitation task.

2 Facial motion representation

Extracting a meaningfuland simple feature vector repre-
sentingthe humanface and the motion thereofcan be ap-
proachedn mary ways. In this work, we focusonly on the
motionof theface,andusea holistic representationver the
entirefacial region. We estimateoptical o w betweensuc-
cessve imagesandprojectthis ow eld overatrackedfa-
cial regionto thecompleteorthogonabasisof Zernike poly-
nomials,yielding a featurevector . Thetrack
is updatedusingboth the recoveredoptical o w andanin-
dependenestimateof the faceregion usingskin color seg-
mentation.

The Zernike representatiodiffersfrom approachesuch
asEigen-analysi$11], or facial actionunit recognition[10]
in thatit makesno commitmentto a particulartype of mo-
tion [9]. This is usefulfor adaptve recognition,andleads
to atransportablelassi cationsystem(e.g. usablefor ges-
tureclustering).Althoughthetherecognitionof facialaction
units[10] givestheability to discriminatebetweenvery sub-
tle differencesn facialmotion, it requiresextensvetraining
anddomainspeci ¢ knowledge.We preferto usearepresen-
tationwhich canbe extendedfrom simpleto complex given
the taskto be accomplished For example,a systemwhich
only needso recognizenodsof the headcould useonly the

rst orderZPs. More complex recognitiontasksneedonly
addasmuchrepresentatioasis necessaryo distinguishthe
importantfacialdisplaysof a particularuser

We estimateoptical o w betweena successie pair of
framesin a video sequenceisingthe robust gradient-based
regularizationmethodof [1]. This methodyields estimates
of ow which are smoothover patchesn the humanface,
preservingmportantdiscontinuitiesout removing high spa-
tial frequeng noisearisingfrom violationsof the brightness
constang assumptionAfter the o w is computedthe cen-
troid andscaleof the areaof interestare estimatedseebe-
low) anda featurevectoris obtainedby projectingthe ow
ontothebasisof Zernike polynomials.

Zernike polynomialsare an orthogonalset of comple
polynomialsde ned on the unit disk [12]. The lowesttwo
ordersof Zernike polynomialscorrespondo the standard
afne basis. The next orderpolynomialscorrespondo ex-
tensionsof the af ne basis,roughly yaw, pitch androll, as

exploredin [2]. Higherordersrepresenmotionswith higher
spatialfrequencies. The basisis orthogonalover the unit
disk, suchthat eachorder can be usedas an independent
characterizationf the o w, andeacho w eld hasaunique
decompositionin the basis. Zernike polynomialsare ex-
pressedn polar coordinatesas a radial function, ,
modulatedby acomplex exponentialin theangle, :

1)

The orthogonalityof the basisallows the decomposition
of anarbitraryfunctiononthe unit disk, , in termsof
auniquecombinationof Zernike polynomials[12]:

(2)
The coefcients, and , of thedecompositiorof the
horizontalandvertical o w estimates, and ,
overthetrackedfacialregion arethusobtainedusing:

®3)

where , ,

, ,and and are
the centroidand scalesof the region of interest. The o ws
canbereconstructedrom the coefcients usingEquation2.
Featurevectorsaresetsof the coefcients from Equation3.
The choiceof a particularsetto representhe o w will de-
pendon thetypesof o ws beingmodeled[9]. This choice
is currently madeby the modeler by removing the
componen{translation)andthenaddingasmary ordersas
canbesupportedy thedatain themodelingprocess.

Thetrackingproblemis to updatethefacialregion asde-
scribedby centroidandscaleparameters
from oneframeto thenext. We assumehatthereis only one
headpresentn all frames.We geta rst estimatefrom the
rst andsecondrdercoefcients of the projected o w:

Updateausingtheonly the o w areproneto signi cant drift
over ary sequencdongerthanroughly 600 frames(20 sec-
onds).Furthermoresererepermanentracker failure canbe
causedy adaptoss, suchasscratchingheface. Therefore,
we derive a correctionterm using skin color segmentation.
We transformthe RGB colorimageso HSV spaceandseg-
mentusingsimplethresholdingn hue andsaturation.Me-
dian Itering removesnoisy estimatesandthe resultingbi-
naryimageis projectedalonghorizontalandvertical direc-
tions. The region of interestis then estimatedby examin-
ing wherethe projecteddistributionsfall below a threshold.
The centroidand scaleare then updatedusing a weighted
sumof the skinand o w estimates.The scaleandcentroid



for the initial frameof a sequencés givenby the skin sey-
mentationprocedurealone. The top row in Figure 1 shawvs
an exampletrack usingonly updateshasedon optical o w.
Thetracker performswell until errorsareintroducedby the
trackedindividual'shand,from which thetracker cannotre-
cover. Correctionusingthe skin segmentationshovn in the
middlerow in Figurel) yieldsthetrackshovnin thebottom
row in Figurel.
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Figurel: Trackingusingonly o w (toprow). Skin sggmen-
tation (middlerow) yield correctedrack (bottomrow).

3 Clustering motion patterns

Oncewe have recovereda sequencef featurevectors
we wishto nd andclassifythe trajectoriescorre-
spondingo salientfacialdisplays.Simultaneouslywe want
to modelthedependencenthecurrentcontet. In thiswork,
wewill examinefacialdisplaysonly asreactionsto context.
A personis seatedn front of a screenmonitoredby a cam-
eramountedatopthedisplay An on-screereventattime
, is obsened by the computeruser who hasa reaction,
, expressedn theface.Themeasuremertf this expres-
sionis givenby somesub-sequencef .In
aparticularinteractiontherewill beasequencef on-screen
events, , Which causea sequenc®f reactions
. Thetime scalesof theseeventsare slower
thanthe time scaleof the video frame events. The general
casewill have further temporaldependenciebetweenthe
facialdisplayandcontext events,andmaybe asynchronous
in general[8]. The modelwe describeimplicitly assumes
that the context eventsde ne time intervals for the facial
displays. This assumptiormay work well in mary cases
(asit doesin Section4), sincefacial displaysare usually
timedwith othernon-facialevents[3]. In generalhowever, a
methodfor temporallysegmentingtheinputsequencés nec-
essaryPreviousauthorshave approachethis temporalseg-
mentationproblemby exhaustve searchfor the mostlikely
time scale[17, 16], or by searchindor discontinuitiesn the
temporaltrajectoried15]. The completeBayesiansolution
involvesmaximizingovertemporalsegmentationg6].
Our taskis now to clusterthe sequencesf featurevec-
tors, . We usea mixture of hiddenMarkov
modelsconditionedon the contet variable . Thefollow-
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Figure2: Mixture of hiddenMarkov modelsasa dynamic
Bayesiametwork, includingcontext variable,

ing describeghis model,shov how to learnthe parameters
usingtheexpectation-maximizatio(EM) algorithm,andde-
scribegheinitialization procedurave have used. We assume
thatthe numberof classe®f facialdisplaysis known.

3.1 Mixtur esof HMMs

Figure 2 shaws a time slice of the context dependentnix-
ture of hidden Markov models (cmHMM) as a dynamic
Bayesiannetwork. The descriptionof the entire video se-
guence( ) would be a seriesof such mod-
els, eachconditionedon an (obsenable) contet variable
. As ageneratre modelof the computeruser

we candescriberigure2 asfollows. Thecontext  prompts
the computeruserto performfacial display . The state
of  thusgenerateds a high level descriptionof the facial
displayto be performed(suchassmile or raiseeyebrons),
which itself generates sequencef dis-
cretestates . A state  generates
speci c optical ow description from a Gaussiardistri-
bution over the spaceof suchdescriptions. The modelis
describedby four conditionalprobability distributions: ini-
tialization ( ), transition( fully con-
nected),obsenation ( parametrizedy full co-
varianceGaussiandistributions) and context ( ).
If we remove the context, , and the conditioninglink,
, we recover a mixture of hiddenMarkov models
asdescribedn [14]. Thecontet variable, , is aninputto
thegeneratie model,which will biasclusteringof theinput
sequenceaccordingto the context states, . Thisdistribu-
tion, , Will belearnedsimultaneouslyvith theother
parametersn the model,and modelsthe effects of the on-

screereventsontheuser
Givenasetof (temporallysegmented¥eaturevectors,
and a setof contet variables, , we wish to
learn the maximumlik elihood parameterof the mHMM.
Thatis, we wantto nd the model parameters, , which
maximizethe probability



We can use the expectationmaximization algorithm [5],
whichlowerboundghis probabilitydistributionwith afunc-
tion , maximizeghis boundatthecurrentestimateof
the model parameters, , (the'E' step)giving

1, andthenmaximizesthe bound

(4)

over the model parameters, , (the'M' step). We factor
andtheintegralin Equa-
tion 4 becomes:

©)

The rst termin Equation5 is the termthatis maximized
for a mixture of hiddenMarkov models,conditionedon the
(obsened)variable . Smyth[14] haspointedout thatthis
canbe achievzed by clusteringthe variablesalongeachlink
from to variables.Theresultis asimplehiddenMarkov
model,with hiddenstategivenby thejoint variable
The constrainthatthevariable doesnot changeover the
courseof the sequencean be enforcedby initializing the
the transitionmatrix for the mixture model, , asa block
diagonalmatrix wheretheblocksarethetransitionmatrices,
, for eachstate, , of the clustervari-
able, . Theinitial stateprobabilities, arethen
chosento re ect the weightsof the mixture componentsas
givenby the conditionaldistribution
Maximizing the secondterm in Equation5 updatesthe
parametrizedprobability distribution
by countingtheexpectechumberof timesthe clus-

ter variable whenthe context variable ,
Thatis,

where

3.2 Initialization

The EM algorithmperformshill climbing on thelikelihood
surface, and thereforeis dependenton the initial choice
of the parameters.We usethe clusteringin log-likelihood
spacetechniquedescribedn [14]. It involves tting asim-
ple HMM to eachindividual sequencegvaluatingthe log-
likelihoodof eachsequencegivenevery simple HMM, and
thenclusteringthe sequencemto  groupsusingthe log-
likelihooddistancematrix. We useagglomeratie clustering
with completdinkage(furthestneighborsmeming). Simple
HMMs arethent toeachofthese clustersandtheresults
areusedto initialize the matrix for the cmHMM. The con-
ditional probabilitiesof clustermembership, , giventhe
contet variables, , areinitialized by countingthe number
of obsenedstates in eachcluster Furtherdetailscanbe
foundin [8].

1We omit explicit representatioof , for notationalease

4 Results

To evaluatethe modelpresentedh thelastsectionwe asled
volunteersto perform a simple facial expressionimitation
task. They wereseatedn front of a computerterminal on
which an animatedcartoonshows facial displays. While
mary facegeneratiorsystemsaisecomplex 3D graphicsthis
faceis a simplecartoon.This allows for fastrenderingand
doesnot detractfrom interactionquality, sincehumanswill
interactwith even the simplestof generatedacesasa real
humanface[13]. Cartoondisplaysstartfrom a neutralface,
as shavn in Figure 3(a), then warp to one of the 4 poses
shawvn in Figures3 for valuesof . Thesecar
toon displayswill be referredto as in the follow-
ing. Theposeis heldfor roughlyasecondandthefacethen
warpsbackto the neutralposewhereit remainsfor anaddi-
tional second.Althoughthesedisplaysmay be reminiscent
of so-calledporototypicalfacial expressionsthedisplaysthey
elicitedwereclearly notexpression®f emotion,but only re-
actions to contxts . The subjectsweretold thattheir

(@)

Figure 3: (a) neutralface (C=1...4) Faceswhich subjects
weretold to imitate

taskis to imitatethesedisplays,andwereshavn eachof dis-
playsinitially andtold to practiceimitatingthem.Oncethey
weresatis ed with their imitations,they pressed key, and
thesystembeganrecordingavideosequenc¢hrougha Sory
EVI-D30 color cameranountedabore thecomputerscreen.
While thesubjectaverebeingrecordedthecartoorfaceper
formeda seriesof 40 randomlyselectedacialdisplaysover
aperiodof 2 minutes.

Zernike featurevectorswere recoveredfor the recorded
videos(3600frames) usinga selecteasis(speci cally ZP
coefcients ). Thevideosweretempo-
rally segmentedusingtheonsettimesof thecartoondisplays
andtheresultingsequencewereinput to the HMM cluster
ing andtraining algorithm describedn Section3, using 3

states(facial displaysare tri-phasic)and 4 clusters(the
numberof displaysthe subjectaveretrying to imitate). The
Viterbi algorithmwasusedto assignclustermembership,
to eachsequencewhich werethencomparedo the known
classe®f displaysthe subjectaveretrying to imitate.

In a cross-alidation study we found that the modeling
of the context informationdid not signi cantly decreas¢he
likelihoodsof testdata. The sequencewererandomlysplit
into 35trainingand5 testsequence20times,andcmHMMs
andmHMMs weretrainedon the training data. The lik eli-
hoodsof thetestdatawerethenevaluated. Theresults aver
agedoverthe20trialsandoverthe4 subjectavere
and for the cmHMM and the mHMM, respec-



cluster cluster
2 6 0 O 4 1 1 0
O 4 0 2 5 2 9 0
0O 0 0 12 0O 8 0 O
7 0 7 O 0O 0 O 10

Tablel: Confusionmatrices:subjects and

tively. However, qualitative analysisof the clusteringover
the full datasetfor eachindividual shaved the addition of
contet did improve theresults.

Only one subjectperformedsigni cantly different dis-
playsin responséo  and . After the experimentmost
subjectgeportedeitherthatthey did not noticea signi cant
differencebetweenthesetwo cartoondisplays,or thatthey
couldnot nd awayto imitatethesecondne, ,duetothe
extremelydown-turnedmouth. The one subjectwho accu-
ratelyimitated  took moretime to practicebeforestarting
theexperiment.Theclusteringresultsfor thisindividual cor-
respondedxactly with the setsof displayedcartoonfaces.
We will notdiscusghis onesubjectfurther, andshaw repre-
sentatve resultsfrom two of theotherfour. Completeresults
canbefoundin [8]. Tablel shavs the confusionmatrix for
two subjects,n which eachrow is one state(facial dis-
play on screen)and eachcolumnis onerecoveredcluster

Considersubject . ThecmHMM clusteredmostimita-
tionsof and togetherin cluster . Key framesfrom
two sequencem this clusterareshavn in Figure4. Scaled
ow elds reconstructedrom the featurevectorsareshovn
superimposed.The top sequencevasin responsdo a
cartoondisplay while the bottomonewasin responsédo a

cartoondisplay Figure5 shows the featurevectortra-

frame=2993 3041

Figure4: Examplesequencefor subject . Sequencewere
of frames2790-288(top row) and2970-306Qbottomrow)

3006

jectoriesin two of the featurevectordimensiong and
) for thesetwo sequenced-or eachvalueof D=2,3,4 the
threeGaussiaroutputdistributions(for X=0,1,2)areshovn
aslevel curvesof thecovariancematrix,andarelabeledwith
the D values. The model (not shawvn) hasa large
Gaussiamwhich encompasseasostof the others,andseems

to be modelingall the sequencewhich do not t well into
ary of the otherthreemodels. The remainingthreemodels
clearlypartitionthe spacesvenly, describingverticalexpan-
sion and contraction(D=4), horizontalexpansionand con-
traction(D=3), anda combinationof both (D=2).

2862

3006

o 1 2 o1
upl upl
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(a) (b)
Figure5: ZP=1featurevectors(a), (b) correspondo topand
bottomrowsin Figure4

Imitationsof ~ wereclusteredogetherwith two imita-
tionsof  inthesamegroupThese imitationsequences
did not startin a neutralexpressionthe subjectwasstill re-
actingto apreviouscartoondisplay). The  imitationswere
split into two distinct groups(clusters  and ), which
differedin the amountof eyebronv motion present.Figure6
shavstwo sequencewhichwereresponse® |, butwhich
were clusterednto separategyroups. The top row sequence
containsasigni cant eyebrow raise(atframe108),while the
bottomonedoesnot. Figure7 shaws the featurevectortra-

2359

frame234
Figure6: Examplesequencefor subject . Sequencewere
of frames90-180(top row) and2340-2430bottomrow).

jectories(again and ) for thesetwo sequencesThe
differenceis the additionaltrajectoryin Figure 7(a) which
extendsinto the positve and quadrantandcorresponds
to theeyebraw raising. Themodelhasuncoveredthatthisis
amoreimportantdifferencein termsof ow elds thanary
differencedetweerimitationsof  and

Consider now subject , whose confusion matrix is
shavn in Table 1. This subjectattemptedto differentiate
between and , while consistentlyperformingdisplays

and . The imitationsweresplitinto two clusters:
thosethatweresimilar to the  imitations, andthosethat
werenot. The  imitationsgroupedtiogetherin cluster
containalmostno motionatall. Figure8 shows key frames
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Figure7: ZP=1featurevectors(a), (b) correspondo topand
bottomrowsin Figure6

from three example sequences.The top row is a imi-
tationin cluster , in which the face contractsand then
expands. The secondrow is a  imitation in cluster
The bottomrow shavs whatwassupposedo bea  imi-
tationwhich clusteredwith the  imitationsin cluster
Thereasorfor the apparentnis-classi cationwasa natural
adaptorwhich occurredthesubjectbit herlip). Thesubject
also closedher eyes (seeframe 3405), and seemsto have
missedhe cartoondisplay

frame=542 556 611

frame=3405 3415 3419

Figure8: Examplesequencefor subject . Sequenceare
frames0-90 (top row), 540-630(middle row), and 3330-
3420(bottomrow).

5 Conclusions

We have motivatedand presentedan approachto adaptve
contet dependentacialdisplayrecognition.We useaholis-
tic optical o w representatiomprojectedto a completeor-
thogonalbasisof Zernike polynomialswhichis aneffective
and a priori representatiorof facial motion. The cluster
ing methodusesa mixture of hiddenMarkov modelscondi-
tionedon a contet variable. We have discussedhe appli-
cationof this methodto a simpleimitation experiment,and
have shavn how it canuncover classe®f facialdisplays.It
is worth notingthattheemphasi®n context alsoimpliesthat

therecognitionof facialexpressiorduringspeecttannotbe

attemptedvithout anintegratedapproach3, 4]. Theproba-
bilistic formulationof the modelswe proposeallow themto

beintegratedwith speechrecognition,andthusour methods
arescalabldn thisimportantdirection.
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