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Abstract

Thispaperprovidesa new fully automaticframevorkto an-

alyzefacial action units, the fundamentabuilding blocks

of facial expressionenumeated in Paul Ekmans Facial

Action Coding System(FACS). The action units examined
in this paperinclude upperfacial musclemovementsud

asinner eyebiow raisg eye widening and so forth, which

combineto form facial expressions.Althoughprior meth-
ods have obtainedhigh recagnition ratesfor recanizing

facial actionunits, thesemethod<ither usemanuallypre-

processedmage sequencesr require humanspeci cation

of facial featuies; thus, they haveexploited substantialhu-

man intervention. This paper presentsa fully automatic
methodrequiringno sud humanspeci cation. Thesystem
r st robustly detectsthe pupils using an infrared sensitive
camen equippedwith infrared LEDs. For eat frame the

pupil positionsare usedto localizeand normalizeeye and

eyebow regions,which are analyzedusingPCAto recover

parametes that relate to the shapeof the facial featuies.

Theseparametes are usedasinput to classi ers basedon

SupportVector Machinesto recaynizeupperfacial action

unitsandall their possiblecombinations.On a completely
natural datasetwith lots of headmovementsposechanges
andocclusionsthe new framevork achieveda recaynition

accuracyof 69.3%for eadh individual AU andan accuracy

of 62.5%for all possibleAU combinations. This frame-
work achievesa higherrecaynition accuracy on the Cohn-
Kanade AU-codedfacial expressiondatabase which has
beenpreviouslyusedto evaluateotherfacial actionrecay-

nition system.

1 Intr oduction

A verylargepercentagef our communicatioris nonverbal
and amongthesenorverbal cuesa large fraction is in the
form of facialactions.A systemthatcould analyzethe fa-
cial actionsin realtime withoutany humaninterventionwill

have applicationdn a numberof different elds: for exam-
ple, computewision, affective computing,computergraph-
ics and psychology Sucha systemwill be an important
componenin amachinghatis sociallyandemotionallyin-

telligentandis expectedo interactnaturallywith people.

While a lot of researcthasbeendirectedtowardssys-
temsthat recognizefacescorrespondingo prototypic ex-
pressiondik e joy, angerandsurprise few approachesxist
thattry to recognizefacial actionssuchas eye-squintand
frown. Tablel comparesomeof thepreviousfacialexpres-
sion analysistechniquesThe stateof the art systemshave
severelimitationsasthey eitherrequirehumanintervention
or do not recognizemorethanprototypicexpressionsThis
paperdescribesa fully automaticframenork that requires
no manualinterventionto analyzefacialactivity. Thework
is focusedon recognizingupperaction units(AUs) which
are a subsetof all the AUs enumeratedn Paul Ekman$s
Facial Action Coding System(FACS) [8] and correspond
to the regions of eyes and eyebravs (Table 2). The Fa-
cial Action Coding System(FACS) developedby Ekman
andFriesen[8] is a methodof measuringacial actiity in
termsof facial musclemovements.FACS consistsof over
45 distinct AUs correspondingo a distinctmuscleor mus-
cle group and are essentiallyfacial phonemeswhich can
be assembledo form facial expressions Finally, mostre-
searchersave reportedresultson cleandatasetswhich are
videosandimagesof the frontal faceof the subjectdelib-
eratelymakingfacialactionsin front of acameraWe eval-
uateour frameawork on a testdatasetwhich is completely
naturalandthereforehaslots of posechangesheadmove-
ments, occlusionsand very subtle facial activity. To our
bestknowledgethis is the only work thatis evaluatedon a
completelynaturaldatabasethereforedemonstratindhow
computervision andmachinelearningcanbeintegratedto
build real-world applications.



Tablel: Comparisorof variousfaceanalysissystems

Fully Recognizemore
automatic | than prototype
expressions
Black & Yacoob[2] No No
1995
Esaaetal [9] Yes No
1997
Tian etal [16] No Yes
2000

Table 2: The upperfacial action units recognizedn this
paper

| AU number [ Facialaction |
1 Innerbrow raiser
2 Outerbrow raiser
4 Brow lowerer
5 Uppereyelid raiser
7 Lid tightener

2 Previous Work

Researcheris the pasthave usedanumberof classi cation
techniqueso recognizeactionunitsandtheircombinations.
Tian et al [16] have developeda systemto recognizesix-
teenactionunitsandary combinationof those. The shape
of facialfeaturedik e eyes,eyebron, mouthandcheeksare
describedoy multistatetemplates.The parametersf these
multistatetemplatesare usedby a Neural Network based
classi erto recognizeheactionunits. This systenrequires
thatthe templatede initialized manuallyin the rst frame
of the sequencewhich preventsit from beingfully auto-
matic. In anearlierwork, Lien etal [13] describea system
that recognizesvarious action units basedon dense o w,
featurepointtrackingandedgeextraction.

Donatoet al [6] comparedseveraltechniqueswhichin-
cludedoptical o w, principalcomponenainalysisjndepen-
dent componentanalysis, local feature analysisand Ga-
bor wavelet representationto recognizeeight single ac-
tion units and four action unit combinationsusing image
sequencethatweremanuallyalignedandfree of headmo-
tions. They shaved 95.5% recognitionaccurag usingIn-
dependenComponentAnalysisand Gaborwavelet repre-
sentationsThey have useda nearesheighborclassi erand
templatematchingfor the purposeof recognition.Eachfa-
cial actioncombinatiorthatthey try to recognizds treated
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asaseparatdAU. As therearea large numberof AU com-
binations,modelingeachAU combinationseparatelys not
appropriateBartlettetal [1] achieze 90.9%accurag in rec-
ognizing 6 single actionunits by combiningholistic facial
analysisandoptical o w with local featureanalysis.Both
of theabore mentionedapproachefl, 6] reporttheirresults
on manuallypre-processeinagesequencesf individuals
deliberatelymakingfacialactionsin front of a camera.

Cowie etal [5] describea systemto recognizefacial ex-
pressiondy identifying Facial AnimationParameterUnits
(FAPUs)de ned in MPEG-4 standardby featuretracking
of Facial De nition Parameter(FDP)points,alsode nedin
MPEG-4framenork. The systemis notfully automaticand
requireshumanassistancé accuratelydetectFDP points.

A lot of researcthasbeendirectedat the problemof rec-
ognizing5-7 classe®f prototypicemotionalkexpression®n
groupsof peoplefrom their facialexpression$2, 9, 17, 18§].
Although prototypic expressionslike hapypy, surpriseand
fear, arenatural they occurinfrequentlyin everydaylife. A
personmight communicatanorewith subtlefacialactions
like frequentfrowns or smiles. Furtherthereareemotions
like confusion,boredomandfrustrationfor which ary pro-
totypic expressiormightnotexist. Thus,a systenthataims
to be sociallyandemotionallyintelligentneedgo do more
thanjust recognizeprototypicexpressions.

3 Overall Framework

Figure 1 givesyou an overvien of the system. The red-
eye effect[10] is a a physiologicalpropertyof the eye and
the rst partconcernausingit to robustly track the pupils.
Oncethe pupil positionsareknown, thosearethenusedto
normalizethe imagesand extract parametershat describe
facial featuresand canbe usedto recognizethe facial ac-
tions. Finally, the upperfacial actionunits arerecognized
usingSupportVectorMachines A separaté-isherkernelis
trainedfor eachfacialactionunit. Theextractedparameters



areusedasinput featurego the supportvectormachinego
detectoccurrencef facialactions.Sincewe usea separate
classi er for eachaction unit, they can detectaction unit
combinations.

3.1 Pupil Detection

The pupil detectionsystemdetectshe pupilsusingthered-
eye effect. The system$ robustnesgo occlusionsandhead
motionsmalkesit ideal to be usedfor automaticfacial ac-
tion analysis.As the pupil positionscanbe recoseredvery
efciently androbustly, it eliminatesthe needof manualla-
beling or pre-processingf theimagesa requiredstepthat
plaguesa numberof previousapproaches.

Although the red-g/e effect has beenknown for quite
sometimeit is in recentyearsthatit hasgrabbeda lot of
attentionfor vision applications.Morimoto et al [14] have
describeda systento detectandtrack pupilsusingthered-
eye effect. Haro et al [10] have extendedthis systemto
detectandtrackthe pupilsusinga Kalman lter andproba-
bilistic PCA. We usean infraredcameraequippedwith in-
fraredLEDs, whichis usedto highlightandtrackpupilsand
is anin-housebuilt versionof the IBM Blue Eyescamera.
Thewholeunitis placedunderthemonitorpointingtowards
theusersface.The systemhasaninfraredsensitve camera
coupledwith two concentricrings of infraredLEDs. 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
on and off to generatewo interlacedimagesfor a single
frame.Theimagewheretheon-axisLEDs areon haswhite
pupils whereaghe imagewherethe off-axis LEDs areon
hasblack pupils. Thesetwo imagesare subtractedo geta
differenceimage,which is usedto track the pupils. Figure
2 shows a sampleimage,the de-interlacedmagesandthe
differencamageobtainedusingthe system.

The pupilsaredetectecandtracked usingthe difference
image,whichis noisy dueto theinterlacingandmotionar-
tifacts. Also, objectslike glassesandearringscanshow up
asbright spotsin the differenceimagedueto their specu-
larity. To removethisnoisewe rst thresholdhedifference
imageusinganadaptve thresholdingalgorithm[10]. First,
the algorithm computeghe histogramandthenthresholds
theimagekeepingonly 0.1% of thebrightesipixels. All the
non-zeropixelsin theresultingimagearesetto 255 (max-
val). Thethresholdedmageis usedto detectandto track
thepupils.

3.2 Feature Extraction

For the purposeof facial actionanalysis,we needto track
thefacialfeaturegobustly andef ciently . Also, ratherthen
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Figure2: Pupiltrackingusingtheinfraredcamera

justtrackingthe positionsof facial featureswe needto re-
covertheparameterthatdrivetheshapeof thefeature.The
variability in appearancef facial featureschangesdueto
pose lighting, facial expressionstc makingthe taskdif -
cult andcomplex. Even harderis the task of trackingthe
facial featuresrobustly in real time, without any manual
alignmentor calibration. Many previous approache$iave
focusedjust on tracking the location of the facial features
or requiresomemanualinitialization/interention. In this
sectionwe describehow we canrobustly recorertheshape
of facialfeaturesn detailusingtemplatesn realtime with-
out requiringary manualintervention. More detailson the
pupil andfacialfeaturetrackingcanbefoundin [12].

Our systemexploits the factthatit canestimatethe lo-
cationof pupilsveryrobustly in theimage.Oncethe pupils
are located,regions of interest correspondingo eyesand
eyebravsarecroppedutandanalyzedo recovertheshape
description. For the purposeof the facial actionanalysis,
the ducial pointsof thetemplateslescribingeyesandeye-
brows areconsideredisshapgrarametersOur goalis then
to recover these ducial pointsin a new image. Assume,
thatwe have a training setof imagevectors ,
whereeachimagevector is pre-annotatedvith a corre-
spondingvectorof shapgparameters . For the purposeof
facial actionanalysis,the images are croppedimagesof
eyesandeyebravs andthe vectorof shapeparameters is
astackof x,y coordinate®f ducial points.

Torecovertheshapgarameters atestimagesay
averynaiveapproactwill beto nd animage, , from
the training set of pre-annotatedmagesthat mostclosely
resembles . Theshapeparametersf thencanbe
approximatedy the shapeparameters , which cor
respondgo . This approachcannotgeneralizewell,
astherecanbeonly a nite numberof exampleimagesin



thetraining database A moregeneralapproachwill beto
representhetestimageasalinearcombinationof example
images.The samdinearcombinationcanbe appliedto the
correspondinghapeparameter®f the exampleimagesto
recover the shapein the new image. Principalcomponent
analysis(PCA) canbeusedto gure outtherepresentation
of thetestimagein termsof thelinearcombinatiorof exam-
pleimagesGiven exampleimages ,let ( ) be
vectorscorrespondingo the marked control pointson each
image.If is themeanimage thenthe covariancematrix of
thetrainingimagescanbe expresseds:

where

Theeigervectorsof canbecomputedoy rst computing

theeigervectorsfor f where

representshe eigervectorsof , thenthe eigervectors
of canbecomputeds:

As the eigervectorsare expressedas a linear combina-
tion of exampleimages,we canexpressthe shapeparam-
eterscorrespondingo the eigenimagesusingthe samelin-
earcombination. Let ~ be the meanof the vectorscorre-
spondingto the control pointsin exampleimagesand let
- ~, bethe matrix of unbiasedshape
parametersThen,the shapeparameters ( ) cor-
respondingo aneigervector canbecomputedas:

To recover the shapeparametersn the testimage, we
rst expressthe new imageasa linear combinationof the
eigervectorsby projectingit ontothetop few eigervectors.

1)

where and s the eigervec-
tor.Thesamedinearcombinationis appliedto the shapepa-
rameterf correspondingeigervectorsto recover the new
shape.

- )

In brief, thetrainingsetis rst processedf ine to com-
putethe requiredeigervectors.During the real-timetrack-
ing the croppedimagesof the eyesandeyebravs are pro-
jectedon the correspondingop few eigervectors. Experi-
mentsshowved thatthe rst 40 eigervectorssufce for the
taskandin our implementationve usethose. Thesepro-
jectionsareusedto recover the control pointsasexplained
above. This approachworked particularlywell on the sub-
jectswho hadtheir imagesin the training database.This

stratgy is a simpli cation of the approachusedby Cov-
ell et al[4] andperformswell for the purposeof the facial
featuretracking, particularly on the subjectswho hadim-
agesin thetraining set. Note that thereis no initialization
step,whichwasvery critical in mary templatematchingap-
proachesFurther the non-iteratve natureof the approach
malesit idealto beusedin areal-timesystem.

Thisapproachs very ef cient, runsin realtime at30fps
andis ableto trackupperfacialfeaturegobustlyin presence
of largeheadmotionsandocclusions Onelimitation of our
implementationis thatit is notinvariantto largezoomingin
oroutas x edsizeimagesof thefacialfeaturesarecropped.
Further our training setdid not have sampleswith scale
changes.Also in a few caseswith somenew subjectsthe
systemdid not work well, asthe trainingimageswere not
ableto spanthewholerangeof variationsin appearancef
theindividuals.A trainingsetwhich captureghevariations
in appearancehouldbe ableto overcometheseproblems.

Figure 3 shaws trackingresultsof somesequencesThe
rst subjectappearingin Figure 3 was in the training
databaseThesystemis ableto trackthefeaturesverywell.
Notethatin the rst sequencef Figure3 the left eyebrav
is nottrackedin frames67, 70 and75 asit is not presenin
theimage. Similarly all thetemplatesarelostin the frame
29in the secondsequenc®f Figure 3 whenthe pupilsare
absentasthe subjectblinks. The templatesarerecovered
assoonasthe featuresreappear The secondsequenceén
Figure 3 shaws the trackingresultsfor a subjectnotin the
training set. Again, notethatthe secondframein the rst
sequencealoesnot shav arny eyesor eyebrows, dueto the
factthatthe subjectblinked andhenceno pupils werede-
tected. The trackingrecoversin the very next framewhen
thepupilsarevisible again.

Despitevariousadvantagesthis stratey hassomeshort-
comings. It assumes linear relationshipbetweenthe im-
ageandthe shapeparametersyhich might not bethecase.
Also, it usesprincipal componentanalysisto recover the
shape;hence,it assumeshatthe top eigervectorscapture
theshapevariationswhichis erroneousTheremaybevari-
ationsdueto lighting which would contribute highly to the
principalcomponents.

3.3 Action Unit Classi cation

Oncethe parametersire extractedthe next stepis to iden-
tify the facial actionsthey correspondo. Therearelots of
classi ersthatcouldbeusedfor thepurposeof AU recogni-
tion. SupportVectorMachines(SVM) have beenshown to
performwell onanumberof classi cationtasks.Classi ers
basednSVM performbinaryclassi cationby rst project-
ing the datapointsonto a linearly separabldeaturespace
andthen, using a hyperplanethat is maximally separated
from the nearesfpositive and negative datapoints. Math-
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Figure3: UpperFacial FeatureTracking.

ematically givena setof  training data , Where
with correspondindabel , the sup-
portvectormachineclassi esadatapoint using,

Here is a positive de nite kernelfunction and
speci esaninnerproductbetween and in thelinearly
separabléeaturespaceThe ‘'scorrespondingo non-zero

'saresupportvectors.The 'sandthebias canbeob-
tainedby solvinganoptimizationproblem.For the purpose
of classifyingfacialactions, isthevectorof relevantshape
parameterandthe signof determinesvhetheran AU
hasbeenrecognizedr not.

Thereare over 40 differentfacial action units enumer
atedin FACS [8] andmorethan7,000differentAU com-
binationshave beenobsered. A systemthataimsto an-
alyzefacesshouldnot only recognizea single AU but the
combination®f AUs aswell. The AU combinationganbe
additive or non-additve. The appearancef AUs doesnot
changewhenadditive combinationof AUs occur whereas
in non-additve combinationsthe appearancef individual
AUs doeschange.In our systema separateSVM for each
AU istrainedusingexamples We haveusedCawley'sSVM
toolbox[3] to train the SVMs to classifythe facial feature
parameterghat correspondo an occurrenceof a particu-
lar AU from the onesthat don't. During the recognition
phasethe facial featureparametersn eachframeare rst

normalizedo accounfor variability dueto changen pose,
zoom and personalvariations. Thesenormalizedparam-
etersare then subtractedrom the normalizedparameters
correspondingo a neutralframe. This differences usedas
input featuresto the SVMs to gure out which AUs were
presentAlso ratherthanusingall the shapeparametersye
useonly thosethataremostindicative of theactionunit that
we aretrying to recognize We useparameterthatdescribe
eyebravs to recognizeAU 1, 2 and4 andthe eye parame-
tersfor AU 5 and7. The next sectiondescribesvaluation
of thesystemandtheresults.

4 Experimental Evaluation Results

Thesystemwasevaluatedontwo datasetsThe rst dataset
is completelynaturalwith lots of headmotions,occlusions
andposechanges.Theresultsareindicative of how a sys-
tem like this would work in real-world applications. The
seconddatabaseve useis the Cohn-Kanadelatabas¢§l1],
which hasbeenpreviously usedto testfacial actionrecog-
nition systemsTheresultsonthis databasenablecompar
isonbetweertheframevork hereandotherpublishedmeth-
odsthat have beentrainedandtestedon the Cohn-Kanade
database.

The naturalfacial action databaséhas 8 childrenin a
real learningsituation. Thesechildrenwere asledto play
agamecalledthefripple place[7]. Thegamehasanumber
of puzzlesthatrequiresmathematicateasoning.Eachkid



worked on thesepuzzlesfor about20 minutes. Videosof
theirfaceswererecordedby two camerasA vision camera
was placedon top of the monitor andan IBM Blue Eyes
camerawasplacedunderthe monitor A FACStrainedex-
pert codedthe videosof the facefor variousaction units
and80frameswereselectedrom theseFACS codedvideos
of the kids. Theseframeswere selectedmanuallyto en-
sure that there were an equal numberof samplesof the
differentfacial action units from all the kids. The Cohn-
Kanadedatabasés acomprehensiedatabaseollectedand
codedby a teamof researcherand consistsof adultsper
forming a seriesof facial expressionsn front of a camera.
Thetrainingandtestingdatabas€CMU databasehasvideo
sequencesf 25 individuals, eachvideo sequencestarting
with a neutralframe. The detailsof both the datasetsare
shavnin Table3.

Table3: Detailsof instance®f AUs in the datasets

Action Unit | #ofinstances| # of instances
in ourdatabase in CMU database
1 35 37
2 33 27
4 16 58
5 24 21
7 13 27
Neutral 19 27
| Total | 140 | 197 |

Table4: Resultsfor individual AUs in our database

Action # of Correct % Correct
Unit | Samples| Recognition| Misses| Recognition
AU 1 35 26 9 74.3%
AU 2 33 26 7 78.8%
AU 4 16 9 7 56.2%
AU 5 24 16 8 66.7%
AU 7 13 6 7 46.1%

Neutral 19 14 5 73.3%

| Total [ 140 | 97 | 43 | 69.29%

The systemis evaluatedfor recognitionaccurag using
leave-one-subject-oudrossvalidation. Theclassi erswere
trainedusingthe datafrom all but one subjectandreserv-
ing the one subjectfor testing. This was repeatedor all
subjectsn the databaseThe systemcould recognizeeach
individual AU with anaccurag of 69.29% ,whereasanac-
curag of 62.5%wasobtainedor all AU combinationsTa-

Table5: Resultsfor individual AUs in CMU database

Action # of Correct % Correct
Unit | Samples| Recognition| Misses| Recognition
AU 1 37 27 10 73.0%
AU 2 27 25 2 92.6%
AU 4 58 47 11 81.0%
AU 5 21 14 7 66.7%
AU 7 27 27 0 100.0%

| Neutral| 27 | 20 | 7 | 100.0%
| Total | 197 | 160 | 37 | 81.22%

ble 4 shavs how well eachindividual AU wasrecognized
andTable6 shavs how well eachAU combinationwasrec-
ognized. Although the resultsare signi cantly betterthan
random,they are not as high aswe would like to attain;
moreover, they arelower thanwhathasbeenpreviously re-
portedin the literature. However, it is importantto keepin
mind that theseresultsare calculatedon a datasefarising
from naturalhumanbehaior; this setis very differentfrom
the datasetsisedto evaluateearlier systems. The videos
have alot of occlusionandheadmovementswhich makes
theproblemmuchharderthanon datasetsvheretheexpres-
sionsarelargely stagedandthe imagespre-processednd
manuallynormalized.

The systemwas also evaluatedon the CMU database.
For evaluationpurposesthe pupils in the CMU database
werehandmarkedasthedatabasaasnotshotusingaBlue
Eyescameraandthe pupil positionscould not be extracted
automatically Further ratherthanusingthe extractedfa-
cial featureswe usedthe PCA coefcients computedsep-
aratelyfor eye and eyebrow regions. Note thatthe PCA
coefcients arelinearly relatedto thefacial featureparam-
eters. On the CMU databasehe systemcould recognize
eachindividual AU with anaccurag of 81.22%. Table5
shaws the completeresults. The resultsare comparableo
resultspreviously reportedon the samedatabaséy Tian
etal [15]. A lot of earlierwork in faceanalysisreported
very high recognitionresultsandat rst glancethe results
reportedhereon the naturaldatabasenight seeminsigni -
cant. But, we have to keepin mind thatmostof the earlier
work hasfocusedon frontal video of the faceshotin ideal
conditions.Thesystemaveretrainedandtestedatthe ape
of emotionalexpressionand requiredhumanintervention
to identify the neutraland apex framesprior to process-
ing. Consideringthatan accurag of 75% amongthe hu-
manFACS codersis requiredfor certi cation asan expert,
the new fully-automaticsystenmperformances comparable
to thatof humanexperts.In real-world applicationgheface



Table6: Resultsfor AU combinationsn our database
Actual # of Fully Partially % Full
AUs | Samples| Recognized| Recognized Correct
1+2 12 9 1 75%
1+2+5 19 11 3 57.9%
1+2+7 2 1 1 50%
1+4 2 0 2 0%
4 10 5 0 50%
5 5 5 0 100%
7 7 3 0 42.9%
4+7 4 2 1 50%
Neutral 19 14 0 73.7%
| Total | 80 | 50 | 8 | 62.5% |

analysissystemshouldbe fully automaticand shouldnot
requireary humanintervention, which is challengingdue
to the presencef headmovementsposevariationsandoc-
clusionsin a naturalscenario.This systemis evaluatedin
thesechallengingconditions;hence the resultsare stateof
theartfor vision appliedto naturalhumanbehaior.

5 Conclusionand Future Work

This paperdemonstratea fully automaticframework that
canrecognizeupperfacialactionunits. Thisframework can
be usedin scenariosvherethe machineneedsa perceptual
ability to recognizemodelandanalyzethefacialactiity in
realtime without any manualintervention. The systemrst
tracksthe pupil positionsrobustly usingthe red-g/e effect;
thesepositionsarethenusedto localizeeyesandeyebrows.
Theshapgparametersorrespondingo thesefacialfeatures
arerecoveredusingPrincipal Componentnalysis (PCA).
Oncethe parameterslescribingthe facial featuresare re-
covered,they areusedto recognizethefacialactions.Sup-
port vector machineSVMs) are usedto recognizefacial
actionsanda recognitionaccurag of 69.29%for eachin-
dividual AU is reported.The systemcancorrectlyidentify
all possibleAU combinationswith anaccurag of 62.5%in
arealandfully naturaldataset.The datasetisedfor evalu-
ationis completelynaturalandthe paperdemonstratekow
computervision andmachinelearningcanbeintegratedto
build real-world applications.

The framewnork suggestedn this paperhassomelimi-
tations. The systemdependupon the robust pupil track-
ing, which currently breakswhenthe subjectsarewearing
glasses.The patternrecognitionto nd pupils canbe fur-
therre ned to trackthe pupilsevenwhentherearesubjects
with glasses.Sincethe systemusesinfrared LEDs, it can
be confusedby the presencef strongdirectsunlightasin
anautomobile(althoughwe hadno problemswith indirect
daylightfrom an of ce window); consequentlythis would

needmodi cation for someenvironments.lIt is alsopossi-
ble to re ne the shapeparameteextractionby takinginto
accounzoomandvariationsdueto posechangesThesys-
temcanalsobe extendedo tracklower facialfeatures|ike
thelips andnose,andto recognizdower facialactionunits
aswell. Thefaceis averyimportantchannethatemitssig-
nalsrelatedto the internalstateanda lot of effort is being
devotedto unravel this relationship.Besidesbeingusedas
a man-machinenterface,this framavork would hopefully
beusefulto alot of theseresearctefforts aswell .
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