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Abstract

Robust,real-time, fully automatictracking of facial fea-
turesis requiredfor manycomputervisionandgraphicsap-
plications.In this paper, wedescribea fully automaticsys-
temthat trackseyesandeyebrowsin real time. Thepupils
are trackedusingtheredeyeeffectby an infraredsensitive
camera equippedwith infrared LEDs. Templatesare used
to parameterizethefacial features.For each new frame, the
pupil coordinatesareusedto extractcroppedimagesof eyes
and eyebrows. Thetemplateparameters are recovered by
PCAanalysison theseextractedimagesusinga PCAbasis,
which wasconstructedduring thetrainingphasewith some
exampleimages.Thesystemrunsat 30 fpsandrequiresno
manualinitialization or calibration. Thesystemis shown
to work well on sequenceswith considerableheadmotions
andocclusions.

1. Intr oduction

Facialfeaturetrackinghasattractedalot of attentiondue
to its applicationsin �elds of computervision andgraphics
anda lot of researchhasbeendoneto capturethecommu-
nicative ability of theface.Applicationslike facialexpres-
sionanalysis,animationandcodingneedto trackthefacial
featuresrobustlyandef�ciently . Also, ratherthenjusttrack-
ing thepositionsof facialfeatures,weneedto gettheshape
informationaswell. Thevariability in appearanceof facial
featureschangesdueto pose,lighting, facialexpressionsetc
makingthetaskdif�cult andcomplex.

Evenharderis thetaskof trackingthefacialfeaturesro-
bustly in real time, without any manualalignmentor cal-
ibration. Many previous approacheshave focusedjust on
trackingthe locationof the facial featuresor requiresome
manual initialization/intervention. In this paper, we de-
scribea fully automaticsystemthatrequiresno manualin-
terventionandrobustly tracksupperfacialfeaturesin detail

usingtemplatesin realtimeat 30 fps.

2. Previous Work

Thereis muchprior work on detectingandtrackingthe
facial features.Many featureextractionmethodsarebased
on deformabletemplates[10], which are dif�cult to use
for real-timetrackingandhave to beinitialized properlyto
achievea goodperformance.Tian et al [8, 9] usemultiple-
statetemplatesto track the facial features. Featurepoint
trackingtogetherwith maskededge�ltering is usedto track
the upper facial features. The systemrequiresthat tem-
platesbe manuallyinitialized in the �rst frameof the se-
quence,which preventsit from beingautomatic.Essaet al
[4] analyzethe facial expressionsusingoptical �o w in an
estimationandcontrol framework coupledwith a physical
modeldescribingtheskinandmusclestructureof face.The
shortcomingof their systemis that it doesnot recover the
detaileddescriptionof thefacialfeatures.

Thetrackingof facialfeaturesin detailrequiresrecover-
ing theparametersthatdrive theshapeof thefeature.A lot
of researchhasbeendirectedtowardsrecoveringshapeus-
ing imagematchingtechniques.JonesandPoggio[6] used
astochasticgradient-descentbasedtechniqueto recoverthe
shapeandthetextureparameters.Cootesetal [1] useactive
appearancemodels,whicharestatisticalappearancemodels
generatedby combininga modelof shapevariationwith a
modelof texturevariation,for thepurposeof imagematch-
ing. The iterative natureof both theseapproachesandper-
formancedependenceon theinitializationmakesit dif�cult
to usethemin realtime. Covell et al [2, 3] exploit thecou-
pling betweenthe shapeandthe texture parametersusing
exampleimageslabeledwith control points. The shapeis
recoveredfrom the imageappearancein an non-iterative
way usingeigenanalysis.Givenan imageof the face,this
approach�rst needsto estimatethe locationof featuresof
interest,which is againvery dif�cult to do robustly in real
time.
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Morimotoetal [7] havedescribedasystemto detectand
track pupils using the red-eye effect. Haro et al [5] have
extendedthis systemto detectand track the pupils using
aKalman�lter andprobabilisticPCA.Our infraredcamera
equippedwith infraredLEDs,whichisusedto highlightand
track pupils, is an in-housebuilt versionof the IBM Blue
Eyescamera(http://www.almaden.ibm.com/cs/blueeyes).

Our systemaimsto combinethebestof thesemethods,
with several new improvements. We start with a simpli-
�ed versionof Covell's approachof estimatingbothshape
andtexture [2, 3]. Her methodhasa problemwith requir-
ing a good �rst estimateof the featurepoints; we solve
this problemby using an infrared cameraequippedwith
infraredLEDs, an in-housebuilt versionof the IBM Blue
Eyes camera (http://www.almaden.ibm.com/cs/blueeyes),
togetherwith a combineddetection/trackingprocedurewe
developed.Thus,the part of our approachthat locatesthe
pupils is perhapsmostsimilar to thatof Morimoto et al [7]
andHaroet al [5], while the featuretrackingis mostsimi-
lar to thatof Covell. However, thecombinationis new, and
involvessomesimpli�cations that allow it to work in real
time without any initialization. Themethodpresentedhere
is the�rst weknow of thatcombinesthestrengthsof robust
IR pupil detectionwith �e xible learningof estimatorsfor
shapeandtexturefor featurepoint tracking.

Thenext sectiondescribestheoverallarchitectureof the
system,including our approachfor detectionandtracking
of facial features.Followedby that,we demonstratetrack-
ing resultsanddiscusssomeexperimentalevaluations.

3. The Overall System

The overall systemis shown in �gure 1. An infrared
sensitive camera synchronizedwith infrared LEDs is
usedasa sensorandproducesan 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 shapeinformationusinga PCA basedtechnique.The
wholesystemis veryef�cient andrunsin realtimeat30fps.
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The pupil tracking systemis shown in �gure 2. The
whole unit is placedunder the monitor pointing towards
theusersface.Thesystemhasaninfraredsensitive camera
coupledwith two concentricrings of infraredLEDs. One
setof LEDs is on theopticalaxisandproducesthered-eye
effect. The other set of LEDs, which are off axis, keeps
the sceneat aboutthe sameillumination. The two setsof
LEDs aresynchronizedwith the cameraandareswitched
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on andoff to generatetwo interlacedimagesfor a single
frame.Theimagewheretheon-axisLEDsareonhaswhite
pupils whereasthe imagewherethe off-axis LEDs areon
hasblackpupils. Thesetwo imagesaresubtractedto geta
differenceimage,which is usedto track thepupils. Figure
3 shows a sampleimage,thede-interlacedimagesandthe
differenceimageobtainedusingthesystem.
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Thepupilsaredetectedandtrackedusingthedifference
image,which is noisydueto theinterlacingandmotionar-
tifacts.Also, objectslike glassesandearringscanshow up
asbright spotsin the differenceimagedueto their specu-
larity. To removethisnoisewe �rst thresholdthedifference
imageusingan adaptive thresholdingalgorithm[5]. First,
the algorithmcomputesthe histogramandthenthresholds
theimagekeepingonly 0.1% of thebrightestpixels.All the
non-zeropixelsin theresultingimagearesetto 255(max-
val). The thresholdedimageis usedto detectandto track
thepupil. Thepupil tracker is eitherin a detectionmodeor
a trackingmode. Whenever thereis informationaboutthe
pupilsin thepreviousframethetracker is in trackingmode
andwhenever thepreviousframehasno informationabout
thepupils the tracker switchesto thedetectionmode. The
pupil trackingalgorithmis shown in �gure 4.

During the trackingmodethe tracker maintainsa state



vector, comprisedof the spatial information about the
pupils.Speci�cally, theaveragedistancebetweenthepupils
during the current tracking phaseand their x, y coordi-
natesin the previous framesis maintained.To obtain the
new positionsof pupils a searchfor the largestconnected
componentis limited to a boundingbox centeredon previ-
ouspupils. The new connectedcomponentsare accepted
asvalid pupils whenthey satisfya numberof spatialcon-
straints.If theareais greaterandthedisplacementof their
centersfrom previous pupil position lies below a certain
threshold,theconnectedcomponentsareconsideredvalid.
Also if a connectedcomponentis found for both the eyes
then the distancebetweenthesepupils is also compared
with the averagedistancemaintainedin the statespaceto
rule out falsedetections.Oncethe connectedcomponents
areidenti�ed asvalid pupil regions,thestatevectoris up-
dated.

The tracker switchesto the detectionmode whenever
there is no information about the pupils. In this mode
the tracker simply selectsthe two largestconnectedcom-
ponentsthat have an areagreaterthena certainthreshold.
Again, to validatethe regions,we applysomespatialcon-
straints. This approachallows us to track the pupils ef�-
ciently. Headmovementsduringheadnodsandheadshakes
do producemotionartifactsbut dueto thenatureof our al-
gorithmto spatiallyconstrainthesearchspace,it tracksthe
pupils well. In extremecaseswhen headmovementsare
too fast, the pupils are lost asmotion artifactsoverpower
thered-eyeeffect andthepupilsareabsentfrom thediffer-
enceimagealtogether. We foundthis trackingalgorithmto
befairly reliable.
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We usetemplatesto representthe detailedshapeinfor-
mationof the facial features.Eye andeyebrow templates,
usedin our system,areshown in �gure 5. A setof 8 points
placedon the eye contourdescribesthe shapeof an eye.
Two of thesepointscorrespondto the eye cornersandthe
restareequidistanton the contour. Similarly 3 pointsare
usedto describethe shapeof an eyebrow. A total of 22
points(8 for eacheye and3 for eacheyebrow) areusedto
describethe positionsandshapesof upperfacial features.
Tianet al [8, 9] usea templatethatconsistsof theiris loca-
tion andtwo parameterizedparabolas,which would �t the
lowerandtheuppereyelid. They usethecornersof eyesand
centerpointson theeyelidsto extractthetemplateparame-
ters.As oursystemtracksmorepointsjust thaneye-corners
andcenterpointson the eyelid, it canrepresentmorede-
tailedandaccurateinformationabouttheshape.

Thepupil positionsobtainedareusedto cropout regions
of interest: two 140x 80 pixel imagesof theeyesandtwo
170x 80 pixel imagesof eyebrows. Thetemplateparame-

Image captured by the IR camera

The difference image 

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

De-interlaced sampled image,
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tersfor thefeaturesarerecoveredby PCAanalysison these
extractedimagesusingaPCAbasis,whichwasconstructed
during the training phasewith someexampleimages.We
describethe methodto recover theseparametersbelow in
detail.

3.3.1 Recovering TemplateParameters

Oursystemexploitsthefactthatit canestimatethelocation
of facial featuresvery robustly in the image. Oncethe fa-
cial featuresare located,regionsof interestcorresponding
to eyesandeyebrows arecroppedout andanalyzedto re-
cover theshapedescription.Given someexampleimages,
astraining data,with handmarked control points that de-
scribetheshapes,ourapproachtriesto expressthenew fea-
ture imageasa linearcombinationof examples.We apply
the samelinear combinationto the marked control points
to recover thecontrol pointsfor thenew image. Sincethe
numberof exampleimagesis large,we useprincipalcom-
ponentanalysis(PCA) to recover the templateparameters.
Given � exampleimages 
�� , let ��� ( ��������� � ) be vectors
correspondingto themarkedcontrolpointson eachimage.
If 
 is the meanimage,then the covariancematrix of the
trainingimagescanbeexpressedas:
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As the eigenvectorsareexpressedasa linear combination
of exampleimages,we canplacethecontrol pointson the
eigenimagesusingthesamelinearcombination.Let � be
themeanof thevectorscorrespondingto thecontrolpoints
in exampleimagesand let � � � ( � � ����� � ) be the vector
correspondingto thecontrolpointsonaneigenvector, then:
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To recover thevectorof controlpointson a new image,
we�rst expressthenew imageasalinearcombinationof the
eigenvectorsby projectingit ontothetop few eigenvectors.
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� is ����� eigenvector.The
samelinearcombinationis appliedto thevectorsof control
pointsontheeigenvectorsto recoverthenew controlpoints.
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This strategy is a simpli�cation of theapproachusedby
Covell et al[2, 3]. Thenon-iterativenatureof theapproach
makesit idealto beusedin a real-timesystem.

In oursystem,150imagesof eyesandeyebrowsfrom ten
different individuals with different facial expressionsand
different lighting conditionswereusedin the training set.
Theseimageswerehandmarkedto �t thefeaturetemplates.
Eigenvectorsandcontrolpointson thoseeigenvectorswere
computedasdescribed.During the real-timetracking the
extractedimagesof the featuresare projectedon the �rst
forty eigenvectors. Theseprojectionsare usedto recover
thecontrolpointsusingtheapproachexplainedabove.

4. Results

Thesystemwasimplementedandworkedin realtimeat
30 fps ona Pentium-III933MHz Linux machine.Thesys-
temwastestedonmany differentsubjectsin differentlight-
ing conditions.Thesystemworkedparticularlywell on the
subjectswho hadtheir imagesin the trainingdatabase.The
systemis very ef�cient andis robust to occlusionsandre-
coversveryquickly whenthefeaturereappears.

Figure6 and7 show trackingresultsof somesequences.
Both thesubjectsappearingin �gure 6 werein thetraining
database.Thesystemis ableto trackthefeaturesverywell.
Note that in the �rst sequenceof �gure 6 the left eyebrow
is not trackedin frames67,70and75 asit is not presentin
the image.Similarly all the templatesarelost in theframe
29 in the secondsequenceof �gure 6 whenthe pupils are
absent,asthe subjectblinks. The templatesarerecovered
assoonasthefeaturesreappear. To evaluatethesystemper-
formance,eyeandeyebrow cornerswerehandmarkedin the
93 framesof the�rst sequenceappearingin �gure 6. These
pointswerecomparedwith thepointstrackedautomatically
by the system. Figure8 shows the frame by frameRMS
differenceper control point betweenthe points manually
marked andpoints tracked by the systemfor eachframe.
The meanRMS differencefor the whole sequenceis 0.65
pixelspercontrolpoint location.

Figure7 shows the trackingresultsfor the subjectsnot



Frame57 Frame67 Frame70 Frame75 Frame88

Frame27 Frame28 Frame29 Frame30 Frame31

��� �3�I�����3!1"��?+>C>D5� L%�����*4 ��- 684 ��A%� 0�� "�� �5C�6 4X� LK"��?+%� LI� L.�K03�*6 !

Frame59 Frame60 Frame61 Frame68 Frame87

Frame25 Frame28 Frame38 Frame45 Frame55

��� ���I�,���3!1" �,+%C5D>� L%��� �54 �I- 684 �,A>�$0�� "	� �>CH684XLIA.6 � L'" �,+.� L�� L%�K03�56 !



in thetrainingset.Again,notethat thesecondframein the
�rst sequencedoesnot show any eyesor eyebrows,dueto
the fact that the subjectblinked andhenceno pupils were
detected.The trackingis recoveredin thevery next frame
whenthepupilsarevisibleagain.The�rst sequenceappear-
ing in �gure 7, which is 100frameslong,washandmarked
to locatethe positionsof inner and outer cornersof eyes
andeyebrows . Figure9 shows framewiseRMS difference
percontrolpoint betweenthehandmarkedandthetracked
points. The meanRMS differencefor thewhole sequence
is 0.78pixelspercontrolpoint.

Theresultsshow thatthesystemis veryef�cient, runsin
real time at 30 fps andis ableto trackupperfacial features
robustly in presenceof largeheadmotionsandocclusions.
Onelimitation of our implementationis thatit is not invari-
ant to large zoomingin or out asour training set did not
have sampleswith scalechanges.Also in few caseswith
somenew subjects,the systemdid not work well, as the
training imageswerenot able to spanthe whole rangeof
variationsin appearanceof the individuals. A training set
which capturesthevariationsin appearanceshouldbeable
to overcometheseproblems.
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5. Conclusionsand Future Work

We have describeda real-time systemthat tracks up-
per facial featuresrobustly without any manualalignment
or calibration. An infraredcameraequippedwith infrared
LEDs is usedto track the pupils. The pupil positionsare
usedto extract the imagesof eyesandeyebrows. Principal
componentanalysison theseimagesis usedto recover the
templateparameters.Thesystemis shown to work well on
sequenceswith considerableheadmotionsandocclusions.

Thework presentedin this paperis work in progressto
build a fully automaticfacialexpressionanalysistool. Fu-
turework includesextendingthesystemto track lower fa-
cial featuresandusingit asaninterfaceto build sociallyand
emotionallyintelligentsystems.
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