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Abstract

Thispaper providesa new fully autanaticframevorkto an-
alyzefacial action units, the fundanentalbuilding blocks
of facial expressionenunerated in Paul Ekmans Facia
Action Coding System(FACS). The action units examined
in this paperinclude uppe facial musclemosemets such
asinna eyebiow raise eye widening and so forth, which
combhne to form facial expressions.Althoudh prior meth-
ods have obtaired high recaynition ratesfor recaynizing
facial actionunits, thesemethodsitherusemanually pre-
processedmage sequencesr require humanspecificéion
of facial featuies; thus,they haveexploitedsubstantiahu-
man interventian. This paper presentsa fully automdic
methdl, requiringno sud humanspecificatio. Thesystem
first robustly detectsthe pugls usingan infrared sensitive
camen equipedwith infrared LEDs. For eac frame the
pugl positionsare usedto localizeand normalizeeye and
eyelrow regions, which are andyzedusingPCAto recover
parametes that relate to the shapeof the facial featues.
Theseparametes are usedasinputto classifies basedon
Support Vector Machines to recaynizeupperfacial action
units and their all possiblecombirations. On competely
natural datasetwith lots of headmovementsposecharges
and occlusias, our frameavork achieved a recaynition ac-
curacy of 69.2% for ead individual AU andan accuracy
of 62.9% for all possibleAU combirations. On the Cohn-
Kanade AU-coded facial expressiondatatase which has
beenpreviously usedto evaluate facial action recaynition
system,our framevork achieves a high recgnition accu-
racy for individual AU’s and for all possibleAU combira-
tions.

1 Intr oduction

A very large percemageof ourcommunicationis nonverkal
and amory thesenonverbal cuesa large fraction is in the
form of facialactions. A systemthatcould analyz the fa-
cial actionsin realtimewithoutary humanintervertion will
have applicaticisin anumker of differentfields: for exam-
ple, conputervision, affective computing, compuer gragh-

ics and psychdogy. Sucha systemwill be an important
compnentin amachire thatis sociallyandemotiaally in-
telligentandis expectedo interactnaturallywith people.

While a lot of researcthasbeendirectedtowardssys-
temsthat recoqize facescorrespndingto prototypic ex-
pressios like joy, angerandsurprise few appoachesxist
thattry to recoguize facial actionssuchas eye-sqint and
frown. Tablel compaessomeof thepreviousfacialexpres-
sionanalysistechniqees. The stateof the art systemshave
severelimitationsasthey eitherrequirehuman intervention
or do notrecaynizemore thanprototypic expressionsThis
pape describs a fully autorratic framework that requies
no manualintervention to analyz facial activity. Thework
is focusedon recognizing upper action units(AUs) which
are a subsetof all the AUs enuneratedin Paul Ekmaris
Facial Action Coding System(FACS) [9] and correspond
to the regions of eyes and eyebiows (Table 2). The Fa-
cial Action Coding System(FACS) develgped by Ekman
andFriesen[9] is a methodof measuing facial actiity in
termsof facial musclemovements.FACS consistsof over
45 distinct AUs correspadingto a distinctmuscleor mus-
cle groyp and are essentiallyfacial phoremes,which can
be assembledo form facial expressions.Finally, mostre-
searcheshave repotedresultson cleandatasetswhich are
videcs andimages of the frontal faceof the subjectsdelib-
eratelymakingfacialactionsin front of acamera\We eval-
uateour framework on a testdatasetwhich is comgetely
natual andtherefae haslots of posechangs, headmove-
ments,occlusionsand very subtlefacial activity. To our
bestknowledgethis is the only work thatis evaluatedon a
competely natual databasetherefae demastratinghow
computervision andmachinelearningcanbeintegratedto
build real-world applicatiors.

2 Previous Work

Researcheris the pasthave useda nunmberof classification
techniqiesto recogiize actionunitsandtheircombirations.
Tian et al [18] have develgped a systemto recogiize Six-

teenactionunitsandarny combnation of those. The shape
of facialfeatueslik e eyes,eyelrow, mouthandcheels are



Tablel1: Comparisorof variousfaceanalysissystems

Fully Recognizemore
automatic | than prototype
expressions
Black & Yacod [2] No No
1995
Esaaetal [10] Yes No
1997
Tian etal [18] No Yes
2000

Table2: Theupperfacialactionunits

| AU number [ Facid action
1 Inner brow raiser
2 Outerbrow raiser
4 Brow lowerer
5 Uppereyelid raiser
7 Lid tightener

descrited by multistatetemplates.The paranetersof these
multistatetemplatesare usedby a Neural Network based
classifierto recogrize theactionunits. This systenrequres
thatthe templats beinitialized manuallyin thefirst frame
of the sequencewhich preventsit from beingfully auto-
matic. In anearlierwork, Lien etal [15] describea system
that recaynizesvariows action units basedon denseflow,
featue poirt trackingandedgeextractian.

Donatoet al [7] comparedseveral technques,whichin-
cludedopticalflow, principal compmentanalysisjndepen-
dert compnent analysis,local featureanalysisand Ga-
bor wavelet representationto recogiize eight single ac-
tion units and four action unit comhbnationsusingimage
sequenesthatweremanuallyalignedandfree of headmo-
tions. They shoved 95.9% recogition accuacgy usingIn-
dependentCompament Analysisand Gaba waveletrepre-
sentatios. They have useda nearesheigtbor classifierand
templae matchirg for the purposeof recogition. Eachfa-
cial actioncombnationthatthey try to recoqizeis treated
asaseparatedU. As therearea large numter of AU com-
binaions,modelirg eachAU combirationseparatelys not
appopriate.Bartlettetal [1] achieve 90.9%accurag in rec-
ogrizing 6 singleactionunits by combiring holistic facial
analysis andoptical flow with local featue analysis.Both
of theabore mentimedappracheg7, 1] repot theirresults
on manually pre-pocessedmagesequenesof individuals
delibeaatelymakingfacialactionsin front of acamera.
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Figure 1: Theoverall system

Cowie etal [6] describea systemto recoqizefacial ex-
pressios by identifying Fadal Animaion ParameterUnits
(FAPUs) definedin MPEG-4 standad by featuretracking
of Facid DefinitionParamete(FDP) points,alsodefinedn
MPEG-4frameavork. Thesystemis notfully autorraticand
regureshuman assistancéo accuately detect-DP points.

A lot of researchhasbeendirectedat the prodem of
recoqizing 5-7 classesof pratotypic emoticnal expres-
sions on grows of peoplefrom their facial expressios
[10, 2,19, 20]. Althoughprototypic expressionslik e hapyy,
surpise andfear, arenatural they occur infrequentlyin ev-
eryaday life. A persormightcomnunicatemorewith subtle
facialactionslik e frequentfrowns or smiles. Furthe there
are emoatiors like confusion, boredm and frustration for
which ary pratotypic expressionmight not exist. Thus,a
systemthataimsto be socially andemotianally intelligert
needto domorethanjustrecoquizeprototypic expressions.

3 Overall Framework

Figure 1 givesyou an oveniew of the system. The red-
eye effect[11] is a a physiologicalpropety of the eye and
thefirst partconcensusingit to robustly track the pugils.
Oncethe pupil positiors areknown, thosearethenusedto
nomalize the images and extract paranetersthat describe
facial featues and canbe usedto recogtize the facial ac-
tions. Finally, the upperfacial actionunits arerecogrized
usingSuppot VectorMachires. A separaté&isherkerrel is
trainedfor eachfacialactionunit. Theextractedparametes
areusedasinputfeaturego the suppat vectormachiresto
detectoccurenceof facialactions.Sincewe usea separate
classifierfor eachactionunit, they candetectaction unit
combnations.
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Figure2: Pupiltrackingusingtheinfrared camea

3.1 Pupil Detection

The pupil detectiorsystemdetectghe pugls usingthered-
eye effect. The systems robustnesgo occlisionsandhead
motions makesit ideal to be usedfor automaticfacial ac-
tion analysis.As the pupil positiors canbe recoreredvery
efficiently androbustly, it eliminateshe needof manuéla-
belingor preprocessingf theimagesa requred stepthat
plaguesa nunberof previousappraches.

Although the red-eye effect hasbeenknown for quite
sometimeit is in recentyearsthatit hasgratbeda lot of
attentionfor vision applicatiors. Morimoto et al [16] have
descrileda systemto detectandtrack pupilsusingthered-
eye effect. Haro et al [11] have exterded this systemto
detectandtrackthepugls usinga Kalmanfilter andpraba-
bilistic PCA. We usean infraredcameraequigpedwith in-
frared LEDs, which is usedto highlight and track pupils
andis anin-housebuilt versionof theIBM Blue Eyescam-
era(http://wwwalmaderibm.conics/blueges). Thewhole
unit is placedunderthe monitor pointing towards the users
face. The systemhasaninfrared sensitve cameracoupled
with two concettric rings of infrared LEDs. One set of
LEDs is on the optical axis and producesthe red-g/e ef-
fect. Theothersetof LEDs, which areoff axis, keefs the
scenatabou thesameillumination. Thetwo setsof LEDs
aresynchonizedwith the cameraandareswitchedon and
off to gereratetwo interlacedimagesfor a single frame
Theimagewherethe on-axis LEDs areon haswhite pupils
whereastheimagewheretheoff-axisLEDsareonhasblack
pugls. Thesetwo imagesaresubtractedo geta difference
image whichis usedto trackthe pugls. Figure2 shavs a
sampleimage,the de-interlaed imagesandthe difference
imageobtainedusingthe system.

The pupls aredetectedandtracked usingthe difference
image whichis noisydueto theinterlacirg andmotionar

tifacts. Also, objeds like glassesindearring canshav up
asbright spotsin the differenceimagedueto their specu-
larity. To removethis noisewefirst threshdd thedifference
imageusinganadaptve threshdding algorithm [11]. First,
the algorithm computesthe histogramandthenthreshold
theimagekeepingonly 0.1% of thebrightestpixds. All the
nonzeropixelsin theresultingimagearesetto 255 (max-
val). Thethreshédedimageis usedto detectandto track
thepupils. More detailsonthe pugl trackingsystemcanbe
foundin [14].

3.2 Feature Extraction

For the purpcse of facial actionanalysis,we needto track
thefacialfeatures robustly andefficiertly. Also, ratherthen
just tracking the positiors of facialfeatues,we needto re-
covertheparametesthatdrive theshapeof thefeature.The
variablity in apparanceof facial featues charmgesdueto
pose lighting, facial expressios etc makingthe taskdiffi-
cult andcomgex. Evenharcer is the task of trackirg the
facial featues rohustly in real time, without ary manua
alignmentor calibration Many previous appr@acheshave
focusedjust on trackingthe location of the facial featues
or requiresomemanual initialization/interventian. In this
sectionwe describehow we canrobustly recorertheshape
of facialfeaturesn detailusingtemplatesn realtime with-
outrequring ary manuintervertion.

Our systemexploits the factthatit canestimatethe lo-
cationof pupilsvery robustly in theimage.Oncethe pupls
are located,regions of interest correspondig to eyesand
eyelrows arecroppedoutandanalyzdto recover theshape
descriptim. For the purpcse of the facial actionanalysis,
thefiducial poirts of thetemplateslescribingeyesandeye-
brows areconsideed asshapeparametes. Our goalis then
to recover thesefiducial poirts in a new image. Assume,
thatwe have a training setof imagevectos {ii, iz, .., 1n },
whereeachimagevecta iy, is pre-amotatedwith a corre-
sponding vecta of shapeparametess . For the purposeof
facial actionanalysis,the images i are crogpedimagesof
eyesandeyelrows andthe vectorof shapeparametess is
a stackof x,y coordnatesof fiducial points.

Torecwertheshapgarametesin atestimage,sayies:,
avely naive appoachwill betofind animage,iqich, from
thetrainingsetof pre-axnotatedmages thatresemble most
to izes¢. Theshapeparanetersof i;.s; thencanbeapproc-
imatedby theshapeparaneterss,,q:cr, Which correspads
t0 i,qtch. This apprach cannd genealize well, asthere
canbeonly afinite numberof exanple imagesn thetrain-
ing database.A more gereral apprach will be to repre-
sentthetestimageasa linearcomhbnation of exampe im-
ages. The samelinear combnation can be appliedto the
correspondig shapeparaméers of the exampe images to
recover the shapein the new image. Principalcompmpnen



analsis (PCA) canbe usedto figure outtherepresentation
of thetestimagein termsof thelinearcombnationof exam-
pleimages Givenn exanpleimagedy, letsy (k = 1..n) be
vedorscorrespnding to the markedcontrd pointson each
image If iis themeanimage thenthe covariancematrix of

thetraining imagescanbeexpresseds:

A =P-PT whereP = [i; —i,is —1,...,1, — i]
Theeigervectorsof A canbe comptedby first compuing
theeigemvectorsfor PT-P. If V = [vy, v, ..v,,] Wherevy
repesentghe eigervectorsof PP, thenthe eigervectors
u;, of A canbecomptedas:

U =[uy,us,...,u,] =PV

As the eigervectors are expressedas a linear comhbina-
tion of exanple images,we canexpressthe shapeparam-
eterscorrespadingto the eigenimagesusingthe samelin-
earcombiration. Let s be the meanof the vectos corre-
spording to the control pointsin exanple images and let
Q = [s1 — &, ...,sp — §|, bethe matrix of unbiasedshape
paraneters.Then the shapeparaneterss,, (k = 1..n) cor
respmdingto aneigervectoru;, canbecomputedas:

[51,82,....80] = QV

To recover the shapeparametes in the testimage,we
first expressthe new imageasa linear combindion of the
eigervectos by projectirg it ontothetop few eigervectors.

inew = Z GpUp +i (1)

k

whee a; = (izest — 1)7-ug anduy is the kt* eigervec-
tor.The sameinearcomhinationis appliedto the shapepa-
rameersof corresponéhg eigervectorsto recover the nen
shape.

Snew = Z arSp +5 (2)
k
In brief, thetrainingsetis first processedffline to com-
putetherequiredeigervectors. During the real-timetrack-
ing the croppedimagesof the eyesandeyebiows are pro-
jectedon the correspadingtop few eigervectors. Experi-
merns shavedthatfirst 40 eigervectorsweregoodenough
for thetaskandin ourimplemenationwe usethose.These
prgections are usedto recover the contrd poirts as ex-
plained abore. This appoachworked particulaly well on
the subjectswho hadtheirimagesin thetraining datalase.
This stratgyy is a simplification of the apprach usedby
Covdl etal[4, 5] andperfamswell for the puposeof the
facialfeatue tracking, particulaly onthesubjectavho had
images in thetraining set.Notethatthereis noinitialization
step,whichwasvery critical in mary templatematchirg ap-
proaches.Further the non-iteative natureof the apprach
malesit idealto beusedin areal-timesystem.

Thisapprachis very efficient, runsin realtime at 30fps
andis ableto trackupperfacialfeaturesobustlyin presence
of largeheadmotionsandocclusionsOnelimitation of our
implementationis thatit is notinvaiiantto large zooning in
oroutasfixedsizeimagef thefacialfeatuesarecropped.
Further our training set did not have sampleswith scale
chamges. Also in a few caseswith somenew subjectsthe
systemdid not work well, asthe training imageswerenot
ableto spanthewholerange of variatiors in app@ranceof
theindividuals. A trainingsetwhich captuesthevariatiors
in appeaanceshouldbeableto overcometheseprodems.

Figure 3 shawv trackingresultsof somesequencesThe
first subjectappearig in Figure 3 was in the training
databae. Thesystemis ableto trackthefeaturesvery well.
Notethatin thefirst sequene of Figure 3 the left eyelrow
is nottrackedin frames67,70and75 asit is not presehin
theimage. Similarly all thetemplats arelost in the frame
29in the secondsequencef Figure3 whenthe pupilsare
absentasthe subjectblinks. The templates arerecovered
assoonasthe featuresreappear The secondsequene in
Figure 3 shaws the trackingresultsfor the subjectsnot in
the training set. Again, notethat the secondframein the
first sequene doesnot shav ary eyesor eyelrows, dueto
the fact that the subjectblinked andherce no pugls were
detected Thetrackingis recoveredin the very next frame
whenthe pugls arevisible agan.

Despitevariousadventagesthis stratgyy hassomeshort-
comings. It assumealinearrelatiorshipbetweertheimage
andthe shapeparaneters,which might not be the caseal-
ways.Also, it usesprincipal compnentanalysigo recover
theshapehencet inheentlyassumethatthetopeigervec-
torscaptue theshapevariations,whichis erron@us. There
may be variatins dueto lighting which would cortribute
highly to the principal compaents. This strateyy is a spe-
cial caseof a Bayesianestimationframevork andwe can
comeup with amethodto recover shapeshatdoesnothave
theseprobdems. More detailscanbefoundin [14, 13].

3.3 Action Unit Classification

Oncethe paranetersare extractedthe next stepis to iden-
tify the facial actiors they correspondo. Therearelots of
classifiersthat coud be usedfor the purposeof AU recog-
nition. Supprt VectorMachine (SVM) have beenshavn
to perfam well onanumter of classificatiortasks.SVM is
anoptimd discriminat methodbasednBayesiarearning
theoy andgereralizeswell. Classifiershasedon suppot
vecta maching([SVM) perfam binaly classificatiorby first
prgecting the datapointsonto a linearly separale feature
spaceandthen usinga hyperplare thatis maximally sep-
aratedfrom the nearestpositve and negative datapoirts.
Mathenatically, given a setof N training data (x;,y;),
wherez; € R? with correspondig labely; € {1,-1},
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Figure3: UpperFacial FeatureTracking

thesuppat vecta machne classifiesa datapoint z using,

N
f(z) = Zaz’yz’k(%wi) —b
=1

Here k(z,z;) is a positive definite kerrel functionand
specifiesaninner prodict betweenz andz ; in the linearly
separale featue spaceThez;’scorrespondimg to nonzero
a;'saresuppet vectos. Theqa;’s andthebiasb canbe ob-
tainedby solvinganoptimizationprodem. For thepurpce
of classifyingfacialactionsx is thevectorof relevart shape
paranetersandthesignof f(z) determirswhetheranAU
hasbeenrecogiizedor not.

Thereare over 40 different facial action units enumer
atedin FACS [9] andmore than 7,000differert AU com-
binaions have beenobsered. A systemthat aimsto an-
alyzefacesshouldnot only recogrize a single AU but the
combinationsof AUs aswell. The AU combirationscanbe
addtive or non-additive. The appeaanceof AUs doesnot
chamge whenadditive comhbination of AUs occur whereas
in non-adlitive combirations,the appearaceof individual
AUs doescharge. In our systema separaté&SVM for each
AU istrainedusingexampes. We have usedCawley’'s SVM
toolbox [3] to train the SVMs to classifythe facial featue
paranetersthat correspad to an occurenceof a particu-
lar AU from the onesthat dorit. During the recogition
phase,the facial featue paranetersin eachframearefirst
nomalizedto accountfor variability dueto chang in pose,
zoam and persmal variatiors. Thesenormdized param-

etersare then subtrated from the nomalized parametes

correspondig to aneutralframe. This differenceis usedas

input featuesto the SVMs to figure out which AUs were
presen Also ratherthanusingall theshapgaraméers,we

useonly thosethataremostindicative of theactionunit that

we aretrying to recoquize. We useparanetershatdescribe
eyelrows to recoquize AU 1, 2 and4 andthe eye parane-

tersfor AU 5 and7. The next sectiondescribesvaluation

of thesystemandtheresults.

4 Experimental Evaluation Results

The systemwasevaluatedontwo datasetsThefirst dataset
is competely naturalwith lots of headmotions, occlusiors
andposecharmges. Theresultsareindicative of how a sys-
tem like this would work in real-world applicatisns. The
seconddatabasewe useis Cohn-Kanadefacial datalase
[12], which hasbeenpreviously usedto testfacial action
recoqition systems.The resultson this databaséndicate
how doesourresultscompae to themethod thathave been
trainedandtestedon the Cohn-Kanadedatabase.

The naturalfacial action databasénas 8 childrenin a
real learnirg situation. Thesechildren were asledto play
agamecalledthefripple place[8]. Thegamehasanunber
of puzdes thatrequres mathemécal reasonig. Eachkid
worked on thesepuzZes for about20 minutes. Videosof
theirfaceswererecadedby two camerasA vision camera
was placedon top of the monitorandan IBM Blue Eyes



camea wasplacedunderthe moritor. A FACStrainedex-

pert codedthe videcs of the facefor various action units
and80frameswereselectedrom theseFACS codedvideos
of the kids. Theseframeswere selectedmanuallyto en-
surethattherewereequalnumter of sampleof the differ-

entfacial actionunits from all the kids. The Cohn-Karmade
datataseis compehensie datalasecollectedandcodel by
ateamof researches andconsistf aduts perfamingase-
ries of facialexpressionsn front of acamera.Our training
andtestingdatabas€¢CMU databasehasvideo sequenes
of 25 individuals,whereeachvideo sequenceatartswith a
nedral frame. Thedetailsof boththe datasetareshavn in

Table3 and4.

Table3: Detailsof instance®f AUs in thedataset

Action Unit | #ofinstances| #ofinstances
in ourdatabase in CMU datalase
1 35 37
2 33 27
4 16 58
5 24 21
7 13 27
Neutral 19 0
|  Total | 140 | 170 |

Table4: Detailsof AU combindionsin thedataset

AU # of samples # of samples

Combiration | in ourdatalase | in CMU database
1+2 12
1+245 19
1+2+7 2
1+4 2
4 10
5 5
7 7
4+7 4
Neutral 19

| Total | 80 | |

The systemis evaluatedfor recogition accurag using
leave-one-sufect-outcrossvalidation Theclassifierswvere
trainedusingthe datafrom all but onesubjectandreserv-
ing the one subjectfor testing. This was repeatedor all
subjectsn the databaseThe systemcould recognize each
individual AU with anaccuray of 69.2%6, whereasanac-
curay of 62.%% wasobtainedor all AU combirations.Ta-
ble 5 shavs haw well eachindividual AU wasrecogized

Table5: Resultsfor individual AUs in our datalase

Action # of Correct % Correct
Unit | Samples| Recognition| Misses| Recognitim
AU 1 35 26 9 743%
AU 2 33 26 7 788%
AU 4 16 9 7 562%
AU 5 24 16 8 66.7%
AU 7 13 6 7 461%

Neutrd 19 14 5 733%

| Total [ 140 | 97 | 43 | 69.2%

Table6: Resultsfor individual AUs in CMU database

Action # of Correct % Correct
Unit | Samples| Recognition| Misses| Recognitio
AU 1 37 27 10 730%
AU 2 27 25 2 926%
AU 4 58 47 11 810%
AUS5 21 14 7 66.7%
AU 7 27 27 0 100.0%

| Total | 170 | 140 | 30 | 82.3%

andTable7 showns how well eachAU combnationwasrec-
ognized. Although the resultsmight not soundexcesdingly
godd, we needto keepin mind that theseresultsare re-
ported on a natual datasetihis setis very differert from
the datasetsusedto evaluae earlier systems. The videcs
have alot of occlusionandheadmovementswhich makes
theprablemmuchharderthanon datasetsvheretheimages
arepre-pocesse@ndmanuallynormalized.

On the CMU databas¢he systemcould recoquize each
individual AU with anaccugacy of 82.35%andall AU com-
binatian with anaccurag of TBD%. Table6 and8 show the
competeresults.Theresultsarecompaableto resultspre-
viously repotedonthe samedatalaseby Tianetal [17]. A
lot of earlierwork in faceanalysisepatedveryhighrecog-
nition resultsandat first glancetheresultsrepatedhereon
thenaturd databasenight seeminsignificar. But, we have
to keepin mind that mostof the earlierwork hasfocused
on frontal video of the faceshotin ideal conditions. The
systemswere trainedand testedat the apex of emotion&
expressionandrequirel human intervention. Consideing
thatanaccurag of 75%amongthe humanFACS codes is
consideedgood our systemperformane is comparableto
thatof humans.In real-world applicdionsthefaceanalysis
systenshouldbefully automaic andshouldnotrequire ary



Table7: Resultsfor AU combnationsin our datalase

Actual # of Fully Partially % Full
AUs | Samples| Recognizd | Recogtized | Correct
1+2 12 9 1 75%
1+245 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% |

Table8: Resultsfor AU combindionsin CMU database

Actual # of Fully Partially % Full
AUs Samples| Recogirzed | Recognized| Correct
1+2 12 TBD TBD TBD
1+2+5 19 TBD TBD TBD
1+2+6+7 2 TBD TBD TBD
1+4 2 TBD TBD TBD
4 10 TBD TBD TBD
5 5 TBD TBD TBD
7 6 TBD TBD TBD
4+7 4 TBD TBD TBD
6+7 1 TBD TBD TBD
| Total | 80 | TBD | TBD | TBD

human intervertion, which is challerging dueto the pres-
enceof headmovementsposevariaionsandocclusiors in

a natual scenario.This systemis evaluatedin thesechal-
lengng corditions and hence,the resultsrepated are the
stateof the art for naturalhuman-conputerinteractian.

5 Conclusionand Futur e Work

This paperdemorstratesa fully automaticframeawork that
canrecogiize upperfacialactionunits. Thisframework can
be usedin scenaris wherethe machineneedsa perceptal
ability torecogiize, mode andanalyzethefacialactity in
realtime without any marual intervention. The systemnfirst
tracks the pupil positiors robustly usingthe red-gye effect;
thesepositiors arethenusedto localizeeyesandeyelrows.
Theshapeparaneterscorresponéhg to thesefacialfeatures
arerecovered usingPrincipal CompaentAnalysis (PCA).
Oncethe parametes descriling the facial featues arere-
covered,they areusedto recogtize the facialactiors. Sup-
pott vectormachinegSVMs) are usedto recognize facial
actiors anda recogition accuncy of 6929% for eachin-
dividual AU is repated. The systemcancorredly identify

all possibleAU combirationswith anaccuacy of 62.8%6 in
arealandfully naturd dataset.The dataseusedfor evalu-
ationis comgetely naturalandthe paperdemorstrateshow
computervision andmachinelearningcanbeintegratedto
build real-world applicatiors.

The framevork suggestedn this thesishassomelimi-
tations. The systemdepeids uponthe rokust pupl track-
ing, which currently breals whenthe subjectsarewearing
glasses.The patternrecogiition to find pugls canbe fur-
therrefinedto trackthe pupilsevenwhentherearesubjects
with glassesSincethe systemusesinfrared LEDs, it is un-
usablein the presencef a bright infrared source(like the
sun)andalternatepupil trackirg techniaquiesthatdo notrely
on infrared shouldbe explored. It is also possibleto re-
fine the shapeparaneterextraction by takinginto accoun
zoomandvariatiors dueto posechamges. The systemcan
alsobe extendeal to track lower facialfeatures, like the lips
andnose. The systemcanbe exterdedto recogize lower
facial action units aswell. The faceis a very important
chamel that emits signalsrelatedto the interral stateand
alot of effort is beingdevoted to unravel this relatiorship.
Besidesheingusedasa man-ma&hineinterface this frame-
work would hopefully be usefulto a lot of theseresearch
efforts aswell .
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