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ABSTRACT
We presentongoingwork on a project for automaticrecognition
of spontaneousfacial actions(FACs). Currentmethodsfor auto-

matic facial expressionrecognitionassumeimagesare collected

in controlledenvironmentsin which thesubjectsdeliberatelyface
thecamera.Sincepeopleoftennodor turn their heads,automatic

recognitionof spontaneousfacial behavior requiresmethodsfor
handlingout-of-image-planeheadrotations.Therearemany promis-

ing approachesto addresstheproblemof out-of-imageplanerota-

tions. In this paperwe exploreanapproachbasedon 3-D warping
of imagesinto canonicalviews. Sinceour goal is to explore the

potentialof this approach,we first tried with imageswith 8 hand-
labeledfacial landmarks.However the approachcanbe general-

ized in a straight-forwardmannerto work automaticallybasedon

theoutputof automaticfeaturedetectors.A front-endsystemwas
developedthatjointly estimatescameraparameters,headgeometry

and3-D headposeacrossentiresequencesof videoimages.Head
geometryandimageparameterswereassumedconstantacrossim-

agesand3-D headposeis allowed to vary. First a a small setof

imageswasusedto estimatecameraparametersand3D facege-
ometry. Markov chain Monte-Carlomethodswere then usedto

recover themost-likely sequenceof 3D posesgivena sequenceof
videoimages.Oncethe3D posewasknown, we warpedeachim-

ageinto frontal viewswith a canonicalfacegeometry. Weevaluate

theperformanceof theapproachasa front-endfor anspontaneous
expressionrecognitiontask.
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1. INTRODUCTION
TheFacialAction CodingSystem(FACS)developedby Ekman

andFriesen[7] providesan objective descriptionof facial behav-

ior from video. It decomposesfacialexpressionsinto actionunits
(AUs) that roughlycorrespondto independentmusclemovements

in the face.FACShasalreadyprovena usefulbehavioral measure
in studiesof emotion[5], communication[8], cognition[24], and

child development[1]. FACS coding is presentlyperformedby

trainedhumanobserverswho analyzeframeby frametheexpres-
sionin eachvideoframeinto componentactions(seeFigure1). A

major impedimentto the widespreaduseof FACS is the time re-
quiredto trainhumanexpertsandto manuallyscorethevideotape.

Approximately300hoursof trainingarerequiredto achieve min-

imal competency on FACS, andeachminute of video tapetakes
approximatelyonehourto score.

A numberof groundbreakingsystemshaveappearedin thecom-
putervision literaturefor facialexpressionrecognition.Thesesys-

temsincludemeasurementof facialmotionthroughopticflow [16,

23, 21, 9], measurementsof theshapesof facial featuresandtheir
spatial arrangements[13], holistic spatial patternanalysisusing

techniquesbasedon principal componentsanalysis(PCA) [2, 19,

13] andmethodsfor relatingfaceimagesto physicalmodelsof the
facialskinandmusculature[16, 22,14,9].

Most of the previous work employed datasetsof posedexpres-
sionscollectedundercontrolledimageconditions.Subjectsdelib-

eratelyfacedthecameraandthefacialexpressionsweretemporally

segmented.Extendingthesesystemsto spontaneousfacialbehav-
ior isacritical stepforwardfor applicationsof thistechnology. Psy-

chophysicalwork hasshowed that spontaneousfacial expressions
differ from posedexpressionsin a numberof ways[6]. Subjects

oftencontractdifferentfacialmuscleswhenaskedto poseanemo-

tion suchasfear versuswhenthey areactuallyexperiencingfear.



In addition, the dynamicsaredifferent. Spontaneousexpressions

have a fastandsmoothonset,with apex coordination,in which fa-

cial actionsin differentpartsof the facepeakat thesametime. In
posedexpressions,the onsettendsto be slow and jerky, and the

actionstypically donotpeaksimultaneously.
Spontaneousfacedatabringswith it a numberof technicalis-

suesthat needto be addressedfor computerrecognitionof facial

actions.Oneof themostimportanttechnicalchallengesis thepres-
enceof out-of-planerotationsdueto thefactthatpeopleoftennod

or turn their headasthey communicatewith others.This substan-
tially changestheinput to thecomputervision systems,andit also

producesvariationsin lighting asthesubjectalterstheorientation

of his or herheadrelative to thelighting source.��

�
��
� �

�

Figure 1: The Facial Action Coding Systemdecomposesfa-
cial motion into componentactions. The upper facial muscles
correspondingto action units 1, 2, 4, 6 and 7 are illustrated.
Adapted fr om Ekman & Friesen(1978).

Therearemany potentiallyreasonableapproachestohandlehead
rotations.In this paperwe exploreanapproachbasedon 3D pose

estimationandwarpingof faceimagesinto canonicalposes(e.g.,

frontal views).

2. ESTIMATION OF FACE GEOMETRY
We startwith a canonicalwire-meshfacemodel [20] which is

then modified to fit the specifichead-shapeof eachsubject. To

this effect 30 imagesareselectedfrom eachsubjectto estimatethe

the facegeometryandthe positionof 8 featureson theseimages
is labeledby hand(earlobes,lateralandnasalcornersof theeyes,

nosetip, andbaseof thecenterupperteeth).Basedonthoseimages
we recovered,the3D positionsof the8 tracked featuresin object

coordinates.A scattereddatainterpolationtechnique[20] wasthen

usedto modify the canonicalfacemodel to fit the 8 known 3D
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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 theperformanceof theparticle filter and theOI algorithm
asa function of noiseaddedto the true positionsof features.

pointsand to interpolatethe positionsof all the otherverticesin

thefacemodelwhosepositionsareunknown. In particular, givena

setof known displacements���	��
����
��� away from thegeneric
modelfeaturepositions
��� , wecomputedthedisplacementsfor the

unconstrainedvertices� . We thenapplieda smoothvector-valued
function ����
�� thatwe fit to theknown vertices � � ������
 � � from

which we cancompute����������
���� . Interpolationthenconsistsof

applying ����
������ � � �"! �$#%# 
&'
 � #%# � (1)

to all vertices( in themodel,where! is aradialbasisfunction.The

coefficients � � arefoundby solvingasetof linearequationsthatin-

cludestheinterpolationconstraints����������
��)� andtheconstraints* � � ����+ and
* � � �"
�,� ��+ .

3. 3D POSEESTIMATION
3-D poseestimationcan be addressedfrom the point of view

of statisticalinference.Givena sequenceof imagemeasurements



- �.� -0/2143532361$-87 � , a fixedfacegeometryandcameraparameters,

thegoal is to find themostprobablesequenceof poseparameters9 �:� 9�/4123435361;9�7 � representingthe rotation,scaleandtranslation
of thefaceon eachimageframe. In probabilitytheorytheestima-

tion of
9

from
-

is a known “stochasticfiltering”. Herewe ex-
plorea solutionto this problemusingMarkov ChainMonte-Carlo

methods,alsoknown ascondensationalgorithmsor particlefilter-

ing methods,[12, 11,4].

3.1 Particle filters
The main advantageof probabilisticinferencemethodsis that

they provide a principledapproachto combinemultiple sourcesof

information,andto handleuncertaintydueto noise,clutterandoc-

clusion.Markov ChainMonte-Carlomethodsprovideapproximate
solutionsto probabilisticinferenceproblemswhichareanalytically

intractable.

Sinceour main goal was to explore the useof 3D modelsto
handleout-of-planerotationsin expressionrecognitionproblems,

our first versionof the system,which is the one presentedhere,
reliesonknowledgeof thepositionof faciallandmarksin theimage

plane. We arecurrentlyworking on extensionsof theapproachto

rely on theoutputof automaticfeaturedetectors,insteadof hand-
labeledfeatures.In thecurrentversionof thesystemwe usedthe8

landmarksmentionedSection2.
Our approachworks as follows. First the systemis initialized

with a setof < particles. Eachparticle is parameterizedusing7

numbersrepresentinga hypothesisabout the position and orien-
tationof a fixed3D facemodel: 3 numbersdescribingtranslation

alongthe = , > , and ? axesand4 numbersdescribingaquaternion,
which givestheangleof rotationandthe3D vectoraroundwhich

therotationis performed.Sinceeachparticlehasanassociated3D

facemodel,we canthencomputetheprojectionof � facialfeature
points in that modelonto the imageplane. The likelihoodof the

particlegiven an imageis assumedto be an exponentialfunction
of the sum of squareddifferencesbetweenthe actualposition of

the � featureson the imageplaneandthe positionshypothesized

by theparticle. In future versionsthis likelihoodfunction will be
basedon the outputof automaticfeaturedetectors.At eachtime

stepeachparticle“reproduces”with probabilityproportionalto the
degreeof fit to theimage.After reproductiontheparticlechanges

probabilisticallyin accordanceto a facedynamicsmodel,andthe

likelihoodof eachparticlegiven the imageis computedagain. It
canbe shown [12] that as <A@CB the proportionof particlesin

a particularstatesat a particulartime convergesin distribution to

the posteriorprobability of the stategiven the imagesequenceup
to thattime D%E%F

GIHKJ < 7 ��L��< �NMO� 9�7 �NL�# -0/4123534361P-Q7 � (2)

where < 7 ��L�� representsthe numberof particlesin state L at timeR
. Theestimateof theposeat time

R
is obtainedusinga weighted

averageof thepositionshypothesizedby the < particles.

We comparedthe particlefiltering approachto poseestimation

with arecentdeterministicapproach,known astheOI algorithm[15],

which is known to bevery robustto theeffectsof noise.

3.2 The Orthogonal Iteration Algorithm
In theOI algorithm[15] theposeestimationproblemis formu-

latedasthatof minimizing anerrormetricbasedon collinearityin
objectspace.Themethodis iterativeanddirectlycomputesorthog-

onal rotation matriceswhich are globally convergent. The error

metricis S ���.�UTV�WX�"�5�UYZ
��\[^]_� (3)

wherè�� is givenby

`�����a � a ,�a ,� a � (4)

and a � is theprojectionof the3D pointsontothenormalizedimage

plane.In Eq.3 
 � , Y and] denote3Dfeaturepositions,therotation
matrix andtranslationvector, respectively. A minimizationofb �UY 1 ]2�	� G� �dc / #%#

S � #%# e (5)

is thenperformed.Thealgorithmis known to bevery robustto the

effectsof noise[15].

3.3 Results
Performanceof theparticlefilter wasevaluatedasa functionof

the numberof particlesused. Error was calculatedas the mean

distancebetweenthe projectedpositionsof the 8 facial features
backinto theimageplaneandgroundtruthpositionsobtainedwith

manualfeaturelabels. Figure 2 (Left) shows meanerror in fa-
cial featurepositionsasa functionof thenumberof particlesused.

Error decreasesexponentially, and100particlesweresufficient to

achieve 1-pixel accuracy (similar accuracy to thatachievedby hu-
mancoders).

A particlefilter with 100 particleswastestedfor robustnessto

noise,andcomparedto theOI algorithm.Gaussiannoisewasadded
to thepositionsof the8 facial features.Figure2 (Right) giveser-

ror ratesfor both poseestimationalgorithmsasa function of the
varianceof theGaussiannoise.While theOI algorithmperformed

betterwhentheuncertaintyaboutfeaturepositionswasvery small

(lessthan2 pixels per feature). The particlefilter algorithmper-
formedsignificantlybetterthanOI for morerealisticfeatureuncer-

tainty levels.

4. AUTOMATIC FACSRECOGNITION

4.1 Database
Thedatasetconsistedof 300Gigabytesof 640x 480 color im-

ages,8 bits per pixels, 60 fields per second,2:1 interlaced. The

videosequencescontainedout of planeheadrotationup to 75 de-
grees.Therewere2 Asian, and1 African American,and7 Cau-

casiansubjects.3 subjectswore glasses.The facial behaviors in
the video sequenceswerescoredframeby frameby 2 teamsex-

pertson theFACSsystem.Thefirst teamwasleadby Mark Frank

at Rutgers.Thesecondteamwasleadby Jeffrey Cohnat CMU.



Figure 3: Original image,model in estimatedposeand warped
image.

As a preliminarytestof theability to classifyfacialmovements
in therotatedfacedata,two facialbehaviors wereclassifiedin the

video sequences:Blink (AU 45 in the FACS system)and brow
raise(joint expressionof AU 1 andAU 2). Thesefacial actions

werechosenfor theirwell known relevanceto applicationssuchas

monitoringof alertnessandanxiety.
Headposewasestimatedin thevideosequencesusinga particle

filter with 100particles.Faceimageswerethenwarpedontoa face
model with canonicalfacegeometry, rotatedto frontal, and then

projectedbackinto theimageplane,asillustratedin Figure3. This

alignmentwasusedto defineandcrop two subregionsin the face
images,onecenteredon the eyes(20x40),andthe othercentered

on thebrows (20x80).Soft histogramequalizationwasperformed
on the imagegray-levels by applyinga logistic filter with param-

eterschosento matchthemeanandvarianceof thegray-levels of

eachimagesequence[18]. Differenceimageswere obtainedby
subtractinga neutralexpressionimagefrom imagescontainingthe

facialbehaviors.
Separatesupportvectormachines(SVM’s)weretrainedfor blink

versusnon-blink, andbrow raiseversusno brow raise. The peak

framesof eachaction,ascodedby thehumanFACScoders,were
usedto trainandtestthesupportvectormachines.A sampleof im-

agesfrom the blink versusno-blink taskis presentedin Figure4.

The taskis quitechallengingdueto variancein race,thepresence
of glasses,andnoisein thehumanFACScoding.Note in Figure4

that theeyesarenot alwaysfully closedin thepeakframes.Gen-
eralizationto novel subjectswastestedusingleave-one-outcross-

validation. Linear SVM’s taking differenceimagesperformedin

thelow 80%’s. Non-linearSVM’s improvedperformanceby up to
10%. Specifically, the Gaussianradial basisfunctionSVM based

ontheEuclideandistancesbetweendifferenceimagesperformedas
follows: 90.5%for blinks for all subjects,94.2%for blinkswithout

glassesand84.5%onbrow raises.

Performancedependedon the the goodnessof fit to the head

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 glasses.The prior rotation of the
imagesallowed the samepixel numbers to beusedto locatethe
eyesin every example.

modelof the subject’s facial geometry. We arepresentlymaking
themodelmorerobust to variationsin faceshapeby addingmore

featurepointsandexperimentingwith differentfeaturepoints.Re-
ducedperformanceon subjectswith glassesis beingaddressedby

including information on the position of the framesin the face

model.Supportvectormachinesarepresentlybeingtrainedtaking
Gaborwaveletrepresentationsasinput. Ourpreviouswork demon-

stratedthat Gaborwavelet representationsarehighly effective as
input for facialexpressionclassification[3].

5. CONCLUSIONS
We explored an approachfor handlingout-of-planeheadrota-

tions in automaticrecognitionof spontaneousfacial expressions.

The approachfits a 3D model of the faceand rotatesit back to
a canonicalpose(e.g., frontal view). The output of the images

warpedinto frontal views,werethenusedto recognizeblinks (AU
45) andbrow raises(AU 1+2). The resultswerevery promising

andserve asa startingpoint with respectto which future systems

maybeevaluated.
We found a particlefiltering approachesto 3D poseestimation

werealsovery promising,significantlyoutperformingsomeof the
most robust deterministicposeestimationalgorithms,like the OI

algorithm[15]. Most importantly, generalizationof theparticlefil-

teringapproachto useautomaticfeaturedetectorsinsteadof hand-
labeledfeaturesis relatively straightforward.

We presentedwork in progressandsignificantimprovementsof
thesystemareoccurringaswewrite this report.Theparticlefilters

presenteduseverysimple(zerodrift) facedynamics.Wearein the

processof trainingdiffusionnetworks[17] to developmorerealis-
tic facedynamicsmodels. Suchmodelsmay significantlyreduce

thenumberof particlesneededto achieve a desiredaccuracy level.

We arealsodevelopingautomaticfeaturedetectors[10] to be in-
tegratedwith theparticlefiltering approachfor fully automatic3D

tracking.We arealsodevelopingmethodsto estimatefacegeome-
try moreaccuratelyandto take into accountspecialconditions,like

thepresenceof glasses.
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