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Abstract

Rolust, real-time fully automatictracking of facial fea-
turesis requiredfor manycomputewisionandgraphicsap-
plications.In this paper we describea fully automaticsys-
temthat tracks eyesand eyebiowsin real time Thepupils
are tracked usingthered eye effectby an infrared sensitive
camen equippedwith infrared LEDs. Templatesare used
to parameterizahefacial features.For ead new frame the
pupil coodinatesare usedo extractcroppedmagesof eyes
and eyebiows. Thetemplateparametes are recovered by
PCAanalysison theseextractedimagesusinga PCAbasis,
which wasconstructedluring thetraining phasewith some
exampleimages. Thesystenrunsat 30 fpsandrequiresno
manualinitialization or calibration. The systems shown
to work well on sequencewith consideable headmotions
andocclusions.

1. Intr oduction

Facialfeaturetrackinghasattractechlot of attentiondue
to its applicationdn elds of computervision andgraphics
anda lot of researcthasbeendoneto capturethe commu-
nicative ability of theface. Applicationslik e facial expres-
sionanalysis animationandcodingneedto trackthefacial
featuresobustlyandef ciently . Also, ratherthenjusttrack-
ing the positionsof facialfeaturesywe needto gettheshape
informationaswell. Thevariability in appearancef facial
featurechangeslueto pose Jighting, facialexpressiongtc
makingthetaskdif cult andcomplex.

Evenharderis thetaskof trackingthefacialfeatureso-
bustly in real time, without any manualalignmentor cal-
ibration. Many previous approachesave focusedjust on
trackingthe locationof the facial featuresor requiresome
manualinitialization/intenention. In this paper we de-
scribea fully automaticsystemthatrequiresno manualin-
terventionandrobustly tracksupperfacialfeaturesn detalil

usingtemplatesn realtime at 30 fps.

2. Previous Work

Thereis muchprior work on detectingandtrackingthe
facialfeatures.Many featureextractionmethodsarebased
on deformabletemplates[10], which are dif cult to use
for real-timetrackingandhave to beinitialized properlyto
achieve agoodperformanceTian etal [8, 9] usemultiple-
statetemplatesto track the facial features. Featurepoint
trackingtogethemwith maslededge ltering is usedto track
the upperfacial features. The systemrequiresthat tem-
platesbe manuallyinitialized in the rst frame of the se-
guencewhich preventsit from beingautomatic.Essaet al
[4] analyzethe facial expressionaisingoptical o w in an
estimationand control framewvork coupledwith a physical
modeldescribinghe skinandmusclestructureof face.The
shortcomingof their systemis thatit doesnot recover the
detaileddescriptionof thefacialfeatures.

Thetrackingof facialfeaturesn detailrequiresrecover-
ing the parametershatdrive the shapeof the feature.A lot
of researcthasbeendirectedtowardsrecovering shapeus-
ing imagematchingtechniquesJonesandPoggio[6] used
astochastigradient-desceiftasedechniqueto recoverthe
shapeandthetextureparametersCootesetal [1] useactive
appearancmodelswhich arestatisticalappearancmodels
generatedy combininga modelof shapevariationwith a
modelof texturevariation,for the purposeof imagematch-
ing. Theiterative natureof both theseapproacheandper
formancedependencen theinitialization makesit dif cult
to usethemin realtime. Covell etal [2, 3] exploit the cou-
pling betweenthe shapeand the texture parametersising
exampleimageslabeledwith control points. The shapeis
recoveredfrom the image appearancén an non-iterative
way usingeigenanalysis.Givenanimageof the face,this
approachrst needsto estimatethe locationof featuresof
interest,which is againvery dif cult to do robustlyin real
time.



Morimotoetal [7] have describech systemto detectand
track pupils using the red-g/e effect. Haro et al [5] have
extendedthis systemto detectand track the pupils using
aKalman Iter andprobabilisticPCA. Ourinfraredcamera
equippedvith infraredLEDs, whichis usedo highlightand
track pupils, is an in-housebuilt versionof the IBM Blue
Eyescamerdhttp://www.almaden.ibm.com/cs/bluges).

Our systemaimsto combinethe bestof thesemethods,
with several new improvements. We start with a simpli-

ed versionof Covell's approactof estimatingboth shape
andtexture [2, 3]. Her methodhasa problemwith requir
ing a good rst estimateof the feature points; we solve
this problem by using an infrared cameraequippedwith
infrared LEDs, anin-housebuilt versionof the IBM Blue
Eyes camera (http://www.almaden.ibm.com/cs/bluges),
togethemwith a combineddetection/trackingprocedurewe
developed. Thus,the part of our approactthatlocatesthe
pupilsis perhapsnostsimilar to thatof Morimoto etal [7]
andHaroet al [5], while the featuretrackingis mostsimi-
lar to thatof Covell. However, the combinationis new, and
involves somesimpli cations that allow it to work in real
time without ary initialization. The methodpresentedhere
is the rst we know of thatcombineghe strengthof robust
IR pupil detectionwith e xible learningof estimatorsfor
shapeandtexturefor featurepointtracking.

Thenext sectiondescribeshe overall architectureof the
system,including our approachor detectionandtracking
of facialfeatures.Followed by that, we demonstratérack-
ing resultsanddiscusssomeexperimentalevaluations.

3. The Overall System

The overall systemis shavn in gure 1. An infrared
sensitve camera synchronizedwith infrared LEDs is
usedas a sensorand producesan imagewith highlighted
pupils. The image obtainedfrom the sensoris usedto
extract the position of the pupils. The location of pupils
are usedto locate other facial featuresand recover their
the shapeinformation usinga PCA basedtechnique. The
wholesystemis veryef cient andrunsin realtime at30fps.

The pupil tracking systemis shavn in gure 2. The
whole unit is placedunderthe monitor pointing towards
theuserdface. The systemhasaninfraredsensitve camera
coupledwith two concentricrings of infrared LEDs. One
setof LEDs is on theoptical axisandproduceghered-g/e
effect. The othersetof LEDs, which are off axis, keeps
the sceneat aboutthe sameillumination. The two setsof
LEDs are synchronizedvith the cameraand are switched
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on and off to generatewo interlacedimagesfor a single
frame.Theimagewheretheon-axisLEDs areon haswhite
pupils whereaghe imagewherethe off-axis LEDs are on
hasblack pupils. Thesetwo imagesare subtractedo geta
differenceimage,whichis usedto track the pupils. Figure
3 shows a sampleimage,the de-interlacedmagesandthe
differencamageobtainedusingthe system.

The pupilsaredetectecandtracked usingthe difference
image,which is noisy dueto theinterlacingandmotionar
tifacts. Also, objectslik e glassesandearringscanshav up
asbright spotsin the differenceimagedueto their specu-
larity. To removethisnoisewe rst thresholdhedifference
imageusingan adaptve thresholdingalgorithm|[5]. First,
the algorithm computeshe histogramandthenthresholds
theimagekeepingonly 0.1% of thebrightestpixels. All the
non-zeropixelsin theresultingimagearesetto 255 (max-
val). Thethresholdedmageis usedto detectandto track
the pupil. The pupil tracker is eitherin a detectionrmodeor
atrackingmode. Whenerer thereis informationaboutthe
pupilsin the previousframethetrackeris in trackingmode
andwheneer the previous framehasno informationabout
the pupilsthe tracker switchesto the detectionmode. The
pupil trackingalgorithmis shavnin gure 4.

During the tracking modethe tracker maintainsa state



vector comprisedof the spatial information about the
pupils. Speci cally, theaveragedistancebetweerthepupils
during the currenttracking phaseand their x, y coordi-
natesin the previous framesis maintained. To obtainthe
new positionsof pupils a searchfor the largestconnected
components limited to a boundingbox centerecon previ-
ouspupils. The new connecteccomponentsare accepted
asvalid pupils whenthey satisfya numberof spatialcon-
straints.If the areais greaterandthe displacementf their
centersfrom previous pupil position lies belon a certain
threshold the connecteccomponentsre consideredsalid.
Also if a connecteccomponenis found for both the eyes
then the distancebetweenthesepupils is also compared
with the averagedistancemaintainedin the statespaceto
rule out falsedetections.Oncethe connecteccomponents
areidenti ed asvalid pupil regions,the statevectoris up-
dated.

The tracker switchesto the detectionmode whenever
thereis no information about the pupils. In this mode
the tracker simply selectsthe two largestconnecteccom-
ponentsthat have an areagreaterthena certainthreshold.
Again, to validatethe regions, we apply somespatialcon-
straints. This approachallows us to track the pupils ef -
ciently. Headmovementsluringheadnodsandheadshales
do producemotion artifactsbut dueto the natureof our al-
gorithmto spatiallyconstrainthe searchspaceijt tracksthe
pupils well. In extreme caseswhenheadmovementsare
too fast, the pupils are lost as motion artifactsoverpaver
thered-gye effect andthe pupilsareabsenfrom the differ-
enceimagealtogether We foundthis trackingalgorithmto
befairly reliable.

We usetemplateso representhe detailedshapeinfor-
mationof the facial features.Eye andeyebrov templates,
usedin our systemareshavnin gure 5. A setof 8 points
placedon the eye contourdescribeghe shapeof an eye.
Two of thesepointscorrespondo the eye cornersandthe
restare equidistanton the contour Similarly 3 pointsare
usedto describethe shapeof an eyebrav. A total of 22
points(8 for eacheye and3 for eacheyebron) areusedto
describethe positionsand shapesf upperfacial features.
Tianetal [8, 9] useatemplatethatconsistof theiris loca-
tion andtwo parameterizegharabolasyhich would t the
lowerandtheuppereyelid. They usethecornerof eyesand
centerpointson the eyelidsto extractthetemplateparame-
ters.As our systentracksmorepointsjustthaneye-corners
and centerpointson the eyelid, it canrepresenmore de-
tailedandaccuratenformationaboutthe shape.

The pupil positionsobtainedareusedto cropoutregions
of interest two 140x 80 pixel imagesof the eyesandtwo
170x 80 pixel imagesof eyebrons. Thetemplateparame-

De-interlaced sampled image,

De-interlaced sampled image,
when the on-axis LEDs are off

when the on-axis LEDs are on

The difference image

tersfor thefeaturesarerecoveredby PCA analysison these
extractedimagesusinga PCA basiswhichwasconstructed
during the training phasewith someexampleimages. We
describethe methodto recover theseparameterdelow in
detail.

3.3.1 Recovering Template Parameters

Oursystemexploitsthefactthatit canestimatehelocation
of facial featuresvery robustly in theimage. Oncethe fa-
cial featuresarelocated,regions of interestcorresponding
to eyesand eyebraws are croppedout andanalyzedto re-
cover the shapedescription. Given someexampleimages,
astraining data,with handmarked control pointsthat de-
scribethe shapespur approachriesto expresshenew fea-
tureimageasa linear combinationof examples.We apply
the samelinear combinationto the marked control points
to recover the control pointsfor the new image. Sincethe
numberof exampleimagesis large, we useprincipal com-
ponentanalysis(PCA) to recover the templateparameters.
Given exampleimages , let ( ) be vectors
correspondingo the marked control pointson eachimage.
If — is the meanimage, thenthe covariancematrix of the
trainingimagescanbe expresseds:

where

Theeigervectorsof canbecomputedby rst computing
the eigervectorsfor f where
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representshe eigervectorsof
of canbecomputedas:

, thenthe eigervectors

As the eigervectorsare expressedas a linear combination
of exampleimages,we canplacethe control pointson the
eigenimagesusingthe samelinear combination.Let — be
themeanof the vectorscorrespondingdo the control points
in exampleimagesand let ( ) be the vector
correspondingo the control pointson aneigervector, then:

To recover the vectorof control pointson a new image,
we rst expresghenew imageasalinearcombinatiorof the
eigervectorsby projectingit ontothetop few eigervectors.

where N and is eigervectorThe
samedinearcombinationis appliedto the vectorsof control
pointsontheeigervectorsto recoverthenew controlpoints.
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This stratayy is a simpli cation of theapproachusedby
Covell etal[2, 3]. Thenon-iteratve natureof theapproach
malesit idealto beusedin areal-timesystem.

In oursystem150imagesf eyesandeyebronvsfromten
differentindividuals with differentfacial expressionsand
differentlighting conditionswere usedin the training set.
Theseémagesverehandmarkedto t thefeaturetemplates.
Eigervectorsandcontrol pointson thoseeigervectorswere
computedas described. During the real-timetracking the
extractedimagesof the featuresare projectedon the rst
forty eigervectors. Theseprojectionsare usedto recover
thecontrolpointsusingthe approactexplainedabove.

4. Results

The systemwasimplementedandworkedin realtime at
30fpsonaPentium-111933MHz Linux machine.Thesys-
temwastestedon mary differentsubjectsn differentlight-
ing conditions.The systemworked particularlywell onthe
subjectswho hadtheirimagesin the training database.The
systemis very ef cient andis robustto occlusionsandre-
coversvery quickly whenthefeaturereappears.

Figure6 and7 show trackingresultsof somesequences.
Both the subjectsappearingn gure 6 werein thetraining
databaseThesystemis ableto trackthefeaturesverywell.
Notethatin the rst sequencef gure 6 theleft eyebrav
is nottrackedin frames67, 70 and75 asit is not presenin
theimage. Similarly all thetemplatesarelostin the frame
29 in the secondsequencef gure 6 whenthe pupils are
absentasthe subjectblinks. The templatesarerecovered
assoonasthefeaturegeappearTo evaluatethesystermper
formancegyeandeyebrown cornersverehandmarlkedin the
93framesof the rst sequencappearingn gure 6. These
pointswerecomparedvith thepointstrackedautomatically
by the system. Figure 8 shavs the frame by frame RMS
differenceper control point betweenthe points manually
marked and points tracked by the systemfor eachframe.
The meanRMS differencefor the whole sequencés 0.65
pixelspercontrolpointlocation.

Figure 7 shaws the tracking resultsfor the subjectsnot
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in thetraining set. Again, notethatthe secondramein the
rst sequence&loesnot shav ary eyesor eyebrows, dueto
the fact that the subjectblinked and henceno pupils were
detected.Thetrackingis recoveredin the very next frame
whenthepupilsarevisibleagain.The rst sequencappear
ingin gure 7,whichis 100frameslong, washandmarked
to locatethe positionsof inner and outer cornersof eyes
andeyebrovs. Figure9 shavs framavise RMS difference
per control point betweerthe handmarked andthe tracked
points. The meanRMS differencefor the whole sequence
is 0.78pixelspercontrolpoint.

Theresultsshow thatthe systemis very ef cient, runsin
realtime at 30 fps andis ableto track upperfacial features
robustly in presencef large headmotionsandocclusions.
Onelimitation of ourimplementationis thatit is notinvari-
antto large zoomingin or out asour training setdid not
have sampleswith scalechanges.Also in few caseswith
somenew subjects,the systemdid not work well, asthe
training imageswere not ableto spanthe whole rangeof
variationsin appearancef the individuals. A training set
which captureghe variationsin appearancshouldbe able
to overcometheseproblems.
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5. Conclusionsand Futur e Work

We have describeda real-time systemthat tracks up-
per facial featuresrobustly without any manualalignment
or calibration. An infrared cameraequippedwith infrared
LEDs is usedto track the pupils. The pupil positionsare
usedto extracttheimagesof eyesandeyebrows. Principal
componentnalysison theseimagesis usedto recover the
templateparametersThe systemis shavn to work well on
sequencewith considerabldheadmotionsandocclusions.

The work presentedn this paperis work in progresgo
build a fully automaticfacial expressionanalysistool. Fu-
ture work includesextendingthe systemto track lower fa-
cial featuresandusingit asaninterfaceto build sociallyand
emotionallyintelligentsystems.
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