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ABSTRACT

We presentongoingwork on a projectfor automaticrecognition
of spontaneousacial actions(FACs). Currentmethodsfor auto-
matic facial expressionrecognitionassumeimagesare collected
in controlledenvironmentsin which the subjectsdeliberatelyface
the camera.Sincepeopleoften nod or turn their heads automatic
recognitionof spontaneousacial behaior requiresmethodsfor
handlingout-of-image-planbeadrotations.Therearemary promis-
ing approache$o addresshe problemof out-of-imageplanerota-
tions. In this papernwe explore anapproactbasedon 3-D warping
of imagesinto canonicalviews. Sinceour goalis to explore the
potentialof this approachye first tried with imageswith 8 hand-
labeledfacial landmarks. However the approachcanbe general-
izedin a straight-forvard mannerto work automaticallybasedon
the outputof automaticfeaturedetectors A front-endsystemwas
developedthatjointly estimatecamergparameterdyeadgeometry
and3-D headposeacrossentiresequencesf videoimages.Head
geometryandimageparametersvereassumeaonstanticrossm-
agesand 3-D headposeis allowed to vary. Firsta a small setof
imageswas usedto estimatecameraparametersand 3D facege-
ometry Markov chain Monte-Carlomethodswere then usedto
recover the most-likely sequencef 3D poseggiven a sequencef
videoimages.Oncethe 3D posewasknown, we warpedeachim-
ageinto frontal views with a canonicafacegeometry We evaluate
the performancef the approachasa front-endfor anspontaneous
expressiorrecognitiontask.
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1. INTRODUCTION

The Facial Action CodingSystem(FACS) developedby Ekman
andFriesen[7] providesan objective descriptionof facial beha-
ior from video. It decomposefacial expressionsnto actionunits
(AUs) thatroughly correspondo independenimusclemovements
in the face. FACS hasalreadyproven a usefulbehaioral measure
in studiesof emotion[5], communicatior{8], cognition[24], and
child development[1]. FACS codingis presentlyperformedby
trainedhumanobsererswho analyzeframe by framethe expres-
sionin eachvideoframeinto componengactions(seeFigurel). A
majorimpedimentto the widespreaduseof FACS is the time re-
quiredto train humanexpertsandto manuallyscorethevideotape.
Approximately300 hoursof training arerequiredto achieze min-
imal competeng on FACS, and eachminute of video tapetakes
approximatelyonehourto score.

A numberof groundbreakingsystemsave appearedh thecom-
putervision literaturefor facial expressiorrecognition.Thesesys-
temsincludemeasurementf facialmotionthroughopticflow [16,
23,21, 9], measurementsf the shapeof facial featuresandtheir
spatial arrangement$13], holistic spatial patternanalysisusing
techniquesasedon principal componentanalysis(PCA) [2, 19,
13] andmethoddor relatingfaceimagesto physicalmodelsof the
facialskinandmusculaturd16, 22,14, 9].

Most of the previous work emplo/ed datasetof posedexpres-
sionscollectedundercontrolledimageconditions. Subjectsdelib-
eratelyfacedthecameraandthefacialexpressionsveretemporally
segmented.Extendingthesesystemso spontaneoufacial beha-
ior isacritical stepforwardfor applicationf thistechnology Psy-
chophysicalwork hasshaved that spontaneougacial expressions
differ from posedexpressiondn a numberof ways[6]. Subjects
oftencontractdifferentfacialmusclesvhenaslkedto poseanemo-
tion suchasfear versuswhenthey areactually experiencingfear



In addition, the dynamicsare different. Spontaneousxpressions
have afastandsmoothonsetwith ape« coordinationjn which fa-
cial actionsin differentpartsof the facepeakat the sametime. In
posedexpressionsthe onsettendsto be slov andjerky, andthe
actionstypically do not peaksimultaneously

Spontaneous$acedatabringswith it a numberof technicalis-
suesthat needto be addressedor computerrecognitionof facial
actions.Oneof themostimportanttechnicalchallengess the pres-
enceof out-of-planerotationsdueto thefactthatpeopleoftennod
or turn their headasthey communicatewith others. This substan-
tially changegheinputto the computewision systemsandit also
producesvariationsin lighting asthe subjectaltersthe orientation
of his or herheadrelative to thelighting source.

Figure 1: The Facial Action Coding Systemdecomposeda-

cial motion into componentactions. The upper facial muscles
correspondingto action units 1, 2, 4, 6 and 7 are illustrated.

Adapted from Ekman & Friesen(1978).

Therearemary potentiallyreasonablapproachet handlehead
rotations. In this paperwe explore anapproactbasedon 3D pose
estimationandwarping of faceimagesinto canonicalposese.qg.,
frontal views).

2. ESTIMATION OF FACE GEOMETRY

We startwith a canonicalwire-meshfacemodel[20] which is
then modified to fit the specifichead-shapef eachsubject. To
this effect 30 imagesareselectedrom eachsubjectto estimatethe
the facegeometryandthe position of 8 featureson theseimages
is labeledby hand(earlobes,lateralandnasalcornersof the eyes,
nosetip, andbaseof thecenterupperteeth).Basednthoseimages
we recovered,the 3D positionsof the 8 tracked featuresin object
coordinatesA scatteredlatainterpolationtechniqug20] wasthen
usedto modify the canonicalface modelto fit the 8 known 3D

Mean error per labeled feature (pixels)

2 8 32 128 512 2048 8192
Number of particles

—— CONDENSATION
—=— Ol-algorithm

)
T
L

IS
T
L

N
T
L

Mean error per labeled feature (pixels)

o I I I I I I I

1 2 3 4 5 6 7
Standard deviation of Gaussian noise (in pixels)

Figure 2: On the left, the performance of the particle filter is
shown as a function of the number of particles used. On the
right the performanceof the particle filter and the Ol algorithm
asa function of noiseaddedto the true positionsof features.

pointsandto interpolatethe positionsof all the other verticesin
thefacemodelwhosepositionsareunknavn. In particular givena
setof known displacements; = p; — p? away from the generic
modelfeaturepositionsp?, we computedhedisplacementor the
unconstrainederticesj. We thenapplieda smoothvectorvalued
function f(p) thatwe fit to the known verticesu; = f(p;) from
whichwe cancomputeu; = f(p;). Interpolationthenconsistf
applying

f(@) =>_cid(llp - pill) @)

toall verticesp in themodel,whereg is aradialbasisfunction. The

coeficientsc; arefoundby solvinga setof linearequationghatin-

cludestheinterpolationconstraintar; = f(p;) andtheconstraints
> ,ci=0and)_, cpl =0.

3. 3DPOSEESTIMATION

3-D poseestimationcan be addressedrom the point of view
of statisticalinference.Given a sequenc®f imagemeasurements



O = (01, --,0), afixedfacegeometryandcamergparameters,
the goalis to find the mostprobablesequencef poseparameters
S = (S1,---,St) representinghe rotation, scaleandtranslation
of thefaceon eachimageframe. In probabilitytheorythe estima-
tion of S from O is a known “stochasticfiltering”. Here we ex-
plore asolutionto this problemusingMarkov ChainMonte-Carlo
methodsalsoknown ascondensatiomlgorithmsor particlefilter-
ing methods[12, 11,4].

3.1 Particle filters

The main advantageof probabilisticinferencemethodsis that
they provide a principledapproacho combinemultiple sourcesf
information,andto handleuncertaintydueto noise,clutterandoc-
clusion.Markov ChainMonte-Carlomethodgprovide approximate
solutionsto probabilisticinferenceproblemswhich areanalytically
intractable.

Since our main goal was to explore the use of 3D modelsto
handleout-of-planerotationsin expressionrecognitionproblems,
our first versionof the system,which is the one presentechere,
reliesonknowledgeof thepositionof faciallandmarksn theimage
plane. We are currentlyworking on extensionsof the approacho
rely on the outputof automaticfeaturedetectorsjnsteadof hand-
labeledfeaturesIn the currentversionof the systemwe usedthe 8
landmarksmentionedSection2.

Our approachworks asfollows. First the systemis initialized
with a setof n particles. Eachparticleis parameterizedising 7
numbersrepresentinga hypothesisaboutthe position and orien-
tation of a fixed 3D facemodel: 3 numbersdescribingtranslation
alongthe X, Y, andZ axesand4 numbergescribingaquaternion,
which givesthe angleof rotationandthe 3D vectoraroundwhich
therotationis performed.Sinceeachparticlehasanassociate@D
facemodel,we canthencomputethe projectionof f facialfeature
pointsin that modelonto the imageplane. The likelihood of the
particle given animageis assumedo be an exponentialfunction
of the sum of squareddifferencesbetweenthe actualposition of
the f featureson theimageplaneandthe positionshypothesized
by the particle. In future versionsthis likelihood function will be
basedon the outputof automaticfeaturedetectors.At eachtime
stepeachparticle“reproduces’with probability proportionalto the
degreeof fit to theimage. After reproductiorthe particlechanges
probabilisticallyin accordancéo a facedynamicsmodel,andthe
likelihood of eachparticle given the imageis computedagain. It
canbe shavn [12] thatasn — oo the proportionof particlesin
a particularstatesat a particulartime convergesin distribution to
the posteriorprobability of the stategiven the imagesequenceip
to thattime

lim (2)
n—r00 n
wheren;(z) representshe numberof particlesin statez attime
t. The estimateof the poseattime ¢ is obtainedusinga weighted
averageof the positionshypothesizedby then particles.
We comparedhe particlefiltering approacho poseestimation
with arecentdeterministiapproachknown astheOl algorithm[15],

= P(S; = z|01,--- ,04) 2

whichis known to bevery robustto the effectsof noise.

3.2 The Orthogonal Iteration Algorithm

In the Ol algorithm[15] the poseestimationproblemis formu-
latedasthatof minimizing anerrormetrichasedon collinearityin
objectspace Themethodis iterative anddirectly computerthog-
onal rotation matriceswhich are globally corvergent. The error
metricis

e; = (I — F@)(sz + t) (3)
whereF; is givenby
T
ViV
F; = 4
vIv; @)

andv; is the projectionof the3D pointsontothenormalizedmage
plane.In Eq.3p;, R andt denote3D featurepositions therotation
matrix andtranslationvector respectiely. A minimizationof

ER,t) =) _|le? (5)
=1

is thenperformed.The algorithmis known to bevery robustto the
effectsof noise[15].

3.3 Results

Performancef the particlefilter wasevaluatedasa function of
the numberof particlesused. Error was calculatedas the mean
distancebetweenthe projectedpositionsof the 8 facial features
backinto theimageplaneandgroundtruth positionsobtainedwith
manualfeaturelabels. Figure 2 (Left) shavs meanerror in fa-
cial featurepositionsasa functionof the numberof particlesused.
Error decreasesxponentially and 100 particleswere sufiicient to
achieve 1-pixel accurag (similar accurag to thatachieved by hu-
mancoders).

A particlefilter with 100 particleswas testedfor robustnesso
noise,andcomparedo theOl algorithm.Gaussiamoisewasadded
to the positionsof the 8 facial features.Figure 2 (Right) giveser-
ror ratesfor both poseestimationalgorithmsas a function of the
varianceof the Gaussiamoise.While the Ol algorithmperformed
betterwhenthe uncertaintyaboutfeaturepositionswasvery small
(lessthan 2 pixels per feature). The particlefilter algorithm per
formedsignificantlybetterthanOl for morerealisticfeatureuncer
tainty levels.

4. AUTOMATIC FACSRECOGNITION

4.1 Database

The datasetonsistedbf 300 Gigabytesof 640 x 480 color im-
ages,8 bits per pixels, 60 fields per second,2:1 interlaced. The
video sequencesontainedout of planeheadrotationupto 75 de-
grees. Therewere 2 Asian, and 1 African American,and7 Cau-
casiansubjects. 3 subjectswore glasses.The facial behaiors in
the video sequencesvere scoredframe by frameby 2 teamsex-
pertson the FACS system.Thefirst teamwasleadby Mark Frank
atRRutgers.The secondeamwasleadby Jefrey Cohnat CMU.



Figure 3: Original image,modelin estimatedposeand warped
image.

As apreliminarytestof the ability to classifyfacial movements
in the rotatedfacedata,two facial behaiors wereclassifiedin the
video sequencesBlink (AU 45 in the FACS system)and brow
raise (joint expressionof AU 1 and AU 2). Thesefacial actions
werechoserfor theirwell known relevanceto applicationssuchas
monitoringof alertnesandanxiety

Headposewasestimatedn thevideosequencessinga particle
filter with 100particles.Faceimageswverethenwarpedontoaface
modelwith canonicalface geometry rotatedto frontal, and then
projectedbackinto theimageplane asillustratedin Figure3. This
alignmentwas usedto defineandcrop two subrgionsin the face
images,one centeredn the eyes (20x40),andthe othercentered
onthebrows (20x80). Soft histogramequalizationwas performed
on the imagegray-levels by applyinga logistic filter with param-
eterschosento matchthe meanandvarianceof the gray-levels of
eachimagesequencd18]. Differenceimageswere obtainedby
subtractinga neutralexpressionimagefrom imagescontainingthe
facialbehaiors.

SeparatsupporvectormachinegSVM’s)weretrainedfor blink
versusnon-blink, andbrow raiseversusno brow raise. The peak
framesof eachaction,ascodedby the humanFACS coders were
usedto train andtestthe supportvectormachinesA sampleof im-
agesfrom the blink versusno-blink taskis presentedn Figure4.
Thetaskis quite challengingdueto variancein race,the presence
of glassesandnoisein the humanFACS coding. Notein Figure4
thatthe eyesarenot alwaysfully closedin the peakframes.Gen-
eralizationto novel subjectsvastestedusingleave-one-outcross-
validation. Linear SVM'’s taking differenceimagesperformedin
thelow 80%’s. Non-linearSVM’s improved performancedy up to
10%. Specifically the Gaussiarradial basisfunction SVM based
ontheEuclideardistancebetweerdifferencémagegerformedas
follows: 90.5%for blinks for all subjects94.2%for blinks without
glassesand84.5%on brow raises.

Performancedependedn the the goodnesf fit to the head

o BN RO

Figure 4: Examplesof blink (lower row) and non-blinks (up-
per row) imagesafter warping. The first thr eesubjects(left 3
columns) had no glasses.The last 2 columns show blinks and
non-blinks for 2 subjectswith glassesThe prior rotation of the
imagesallowed the samepixel numbersto be usedto locatethe
eyesin every example.

model of the subjects facial geometry We are presentlymaking
the modelmorerobustto variationsin faceshapeby addingmore
featurepointsandexperimentingwith differentfeaturepoints. Re-
ducedperformanceon subjectswith glassess beingaddressety
including information on the position of the framesin the face
model. Supportvectormachinesarepresentlybeingtrainedtaking
Gaborwaveletrepresentationasinput. Our previouswork demon-
stratedthat Gaborwavelet representationare highly effective as
input for facialexpressiorclassificatior[3].

5. CONCLUSIONS

We explored an approachfor handlingout-of-planeheadrota-
tions in automaticrecognitionof spontaneous$acial expressions.
The approachfits a 3D model of the faceand rotatesit backto
a canonicalpose(e.g., frontal view). The output of the images
warpedinto frontal views, werethenusedto recognizeblinks (AU
45) and brow raises(AU 1+2). The resultswere very promising
andsene asa startingpoint with respecto which future systems
maybeevaluated.

We found a particlefiltering approacheso 3D poseestimation
werealsovery promising,significantlyoutperformingsomeof the
mostrobust deterministicposeestimationalgorithms,like the Ol
algorithm[15]. Mostimportantly generalizatiorof the particlefil-
teringapproacho useautomatidfeaturedetectorsnsteadof hand-
labeledfeatureds relatively straightforward.

We presentedvork in progressandsignificantimprovementsof
thesystemareoccurringaswe write thisreport. The particlefilters
presentedisevery simple(zerodrift) facedynamics.We arein the
procesf trainingdiffusionnetworks [17] to develop morerealis-
tic facedynamicsmodels. Suchmodelsmay significantlyreduce
thenumberof particlesneededo achieve adesiredaccurayg level.
We are also developing automaticfeaturedetectorg10] to be in-
tegratedwith the particlefiltering approactor fully automatic3D
tracking. We arealsodevelopingmethodgo estimatdfacegeome-
try moreaccuratelyandto take into accounspecialconditionsJike
thepresencef glasses.
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