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Abstract

Thispaperprovidesa new fully automaticframeworkto an-
alyzefacial action units, the fundamentalbuilding blocks
of facial expressionenumerated in Paul Ekman's Facial
Action CodingSystem(FACS).Theaction units examined
in this paper includeupperfacial musclemovementssuch
as inner eyebrow raise, eye widening, and so forth, which
combineto form facial expressions.Althoughprior meth-
ods haveobtainedhigh recognition ratesfor recognizing
facial actionunits, thesemethodseitherusemanuallypre-
processedimage sequencesor require humanspeci�cation
of facial features; thus,they haveexploitedsubstantialhu-
man intervention. This paper presentsa fully automatic
method,requiringnosuch humanspeci�cation.Thesystem
�r st robustly detectsthe pupils usingan infrared sensitive
camera equippedwith infraredLEDs. For each frame, the
pupil positionsare usedto localizeandnormalizeeyeand
eyebrow regions,which are analyzedusingPCAto recover
parameters that relate to the shapeof the facial features.
Theseparameters are usedas input to classi�ers basedon
SupportVector Machinesto recognizeupper facial action
unitsandall their possiblecombinations.On a completely
natural datasetwith lots of headmovements,posechanges
andocclusions,thenew framework achieveda recognition
accuracyof 69.3%for each individualAU andanaccuracy
of 62.5% for all possibleAU combinations. This frame-
work achievesa higherrecognition accuracyon theCohn-
KanadeAU-codedfacial expressiondatabase, which has
beenpreviouslyusedto evaluateother facial actionrecog-
nition system.

1 Intr oduction

A very largepercentageof ourcommunicationis nonverbal
andamongthesenonverbalcuesa large fraction is in the
form of facialactions.A systemthatcouldanalyzethe fa-
cial actionsin realtimewithoutany humaninterventionwill

haveapplicationsin a numberof different�elds: for exam-
ple,computervision,affectivecomputing,computergraph-
ics and psychology. Sucha systemwill be an important
componentin amachinethatis sociallyandemotionallyin-
telligentandis expectedto interactnaturallywith people.

While a lot of researchhasbeendirectedtowardssys-
temsthat recognizefacescorrespondingto prototypicex-
pressionslike joy, angerandsurprise,few approachesexist
that try to recognizefacial actionssuchaseye-squintand
frown. Table1 comparessomeof thepreviousfacialexpres-
sionanalysistechniques.Thestateof theart systemshave
severelimitationsasthey eitherrequirehumanintervention
or do not recognizemorethanprototypicexpressions.This
paperdescribesa fully automaticframework that requires
nomanualinterventionto analyzefacialactivity. Thework
is focusedon recognizingupperaction units(AUs) which
are a subsetof all the AUs enumeratedin Paul Ekman's
Facial Action Coding System(FACS) [8] and correspond
to the regions of eyes and eyebrows (Table 2). The Fa-
cial Action Coding System(FACS) developedby Ekman
andFriesen[8] is a methodof measuringfacialactivity in
termsof facialmusclemovements.FACS consistsof over
45 distinctAUs correspondingto a distinctmuscleor mus-
cle groupand are essentiallyfacial phonemes,which can
be assembledto form facialexpressions.Finally, mostre-
searchershavereportedresultsoncleandatasets,whichare
videosandimagesof thefrontal faceof thesubjectsdelib-
eratelymakingfacialactionsin front of acamera.We eval-
uateour framework on a testdatasetwhich is completely
naturalandthereforehaslots of posechanges,headmove-
ments,occlusionsand very subtle facial activity. To our
bestknowledgethis is theonly work that is evaluatedon a
completelynaturaldatabase,thereforedemonstratinghow
computervision andmachinelearningcanbeintegratedto
build real-world applications.



Table1: Comparisonof variousfaceanalysissystems

Fully Recognizemore
automatic than prototype

expressions

Black & Yacoob[2] No No
1995

Esaaet al [9] Yes No
1997

Tian et al [16] No Yes
2000

Table 2: The upperfacial action units recognizedin this
paper

AU number Facial action
1 Innerbrow raiser
2 Outerbrow raiser
4 Brow lowerer
5 Uppereye lid raiser
7 Lid tightener

2 Previous Work

Researchersin thepasthaveusedanumberof classi�cation
techniquesto recognizeactionunitsandtheircombinations.
Tian et al [16] have developeda systemto recognizesix-
teenactionunitsandany combinationof those.Theshape
of facial featureslike eyes,eyebrow, mouthandcheeksare
describedby multistatetemplates.Theparametersof these
multistatetemplatesare usedby a Neural Network based
classi�er to recognizetheactionunits.Thissystemrequires
that the templatesbe initialized manuallyin the �rst frame
of the sequence,which preventsit from being fully auto-
matic. In anearlierwork, Lien et al [13] describea system
that recognizesvariousaction units basedon dense�o w,
featurepoint trackingandedgeextraction.

Donatoet al [6] comparedseveraltechniques,which in-
cludedoptical�o w, principalcomponentanalysis,indepen-
dent componentanalysis,local featureanalysisand Ga-
bor wavelet representation,to recognizeeight single ac-
tion units and four action unit combinationsusing image
sequencesthatweremanuallyalignedandfreeof headmo-
tions. They showed 95.5%recognitionaccuracy usingIn-
dependentComponentAnalysisandGaborwavelet repre-
sentations.They haveusedanearestneighborclassi�er and
templatematchingfor thepurposeof recognition.Eachfa-
cial actioncombinationthat they try to recognizeis treated

Tracked TemplatesTracked Pupils

Pupil Tracking

Infrared camera
with IR LEDs to
capture video

Facial Feature
Tracking

Pattern
Analyzer

SVMs

AU2

AU 7AU4AU1

AU5

Figure1: Theoverall system

asa separateAU. As therearea largenumberof AU com-
binations,modelingeachAU combinationseparatelyis not
appropriate.Bartlettetal [1] achieve90.9%accuracy in rec-
ognizing6 singleactionunitsby combiningholistic facial
analysisandoptical �o w with local featureanalysis.Both
of theabovementionedapproaches[1, 6] reporttheirresults
on manuallypre-processedimagesequencesof individuals
deliberatelymakingfacialactionsin front of a camera.

Cowie et al [5] describea systemto recognizefacialex-
pressionsby identifying Facial AnimationParameterUnits
(FAPUs)de�ned in MPEG-4standardby featuretracking
of Facial De�nition Parameter(FDP)points,alsode�ned in
MPEG-4framework. Thesystemis not fully automaticand
requireshumanassistanceto accuratelydetectFDPpoints.

A lot of researchhasbeendirectedat theproblemof rec-
ognizing5-7classesof prototypicemotionalexpressionson
groupsof peoplefrom their facialexpressions[2, 9, 17, 18].
Although prototypicexpressions,like happy, surpriseand
fear, arenatural,they occurinfrequentlyin everydaylife. A
personmight communicatemorewith subtlefacialactions
like frequentfrownsor smiles. Furtherthereareemotions
like confusion,boredomandfrustrationfor which any pro-
totypicexpressionmightnotexist. Thus,asystemthataims
to besociallyandemotionallyintelligentneedsto do more
thanjust recognizeprototypicexpressions.

3 Overall Framework

Figure 1 gives you an overview of the system. The red-
eye effect [10] is a a physiologicalpropertyof theeye and
the �rst part concernsusingit to robustly track the pupils.
Oncethepupil positionsareknown, thosearethenusedto
normalizethe imagesandextract parametersthat describe
facial featuresandcanbe usedto recognizethe facial ac-
tions. Finally, the upperfacial actionunits arerecognized
usingSupportVectorMachines.A separateFisherkernelis
trainedfor eachfacialactionunit. Theextractedparameters



areusedasinput featuresto thesupportvectormachinesto
detectoccurrenceof facialactions.Sincewe usea separate
classi�er for eachaction unit, they can detectaction unit
combinations.

3.1 Pupil Detection

Thepupil detectionsystemdetectsthepupilsusingthered-
eye effect. Thesystem's robustnessto occlusionsandhead
motionsmakesit ideal to be usedfor automaticfacial ac-
tion analysis.As thepupil positionscanberecoveredvery
ef�ciently androbustly, it eliminatestheneedof manualla-
belingor pre-processingof theimages,a requiredstepthat
plaguesa numberof previousapproaches.

Although the red-eye effect hasbeenknown for quite
sometime,it is in recentyearsthat it hasgrabbeda lot of
attentionfor vision applications.Morimoto et al [14] have
describeda systemto detectandtrackpupilsusingthered-
eye effect. Haro et al [10] have extendedthis systemto
detectandtrackthepupilsusinga Kalman�lter andproba-
bilistic PCA. We usean infraredcameraequippedwith in-
fraredLEDs,whichis usedto highlightandtrackpupilsand
is an in-housebuilt versionof the IBM Blue Eyescamera.
Thewholeunit is placedunderthemonitorpointingtowards
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
on and off 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
2 shows a sampleimage,the de-interlacedimagesandthe
differenceimageobtainedusingthesystem.

Thepupilsaredetectedandtrackedusingthedifference
image,which is noisydueto theinterlacingandmotionar-
tifacts.Also, objectslike glassesandearringscanshow up
asbright spotsin the differenceimagedueto their specu-
larity. To removethisnoisewe�rst thresholdthedifference
imageusinganadaptive thresholdingalgorithm[10]. First,
the algorithmcomputesthe histogramandthenthresholds
theimagekeepingonly 0.1% of thebrightestpixels.All the
non-zeropixels in theresultingimagearesetto 255(max-
val). The thresholdedimageis usedto detectandto track
thepupils.

3.2 FeatureExtraction

For thepurposeof facial actionanalysis,we needto track
thefacialfeaturesrobustlyandef�ciently . Also, ratherthen
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Figure2: Pupil trackingusingtheinfraredcamera

just trackingthepositionsof facial features,we needto re-
covertheparametersthatdrivetheshapeof thefeature.The
variability in appearanceof facial featureschangesdueto
pose,lighting, facialexpressionsetcmakingthe taskdif�-
cult andcomplex. Even harderis the taskof trackingthe
facial featuresrobustly in real time, without any manual
alignmentor calibration. Many previous approacheshave
focusedjust on trackingthe locationof the facial features
or requiresomemanualinitialization/intervention. In this
section,wedescribehow wecanrobustly recovertheshape
of facialfeaturesin detailusingtemplatesin realtimewith-
out requiringany manualintervention.More detailson the
pupil andfacialfeaturetrackingcanbefoundin [12].

Our systemexploits the fact that it canestimatethe lo-
cationof pupilsvery robustly in theimage.Oncethepupils
are located,regions of interest correspondingto eyes and
eyebrowsarecroppedoutandanalyzedto recovertheshape
description. For the purposeof the facial actionanalysis,
the�ducial pointsof thetemplatesdescribingeyesandeye-
browsareconsideredasshapeparameters.Ourgoalis then
to recover these�ducial points in a new image. Assume,
thatwe have a trainingsetof imagevectors
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astherecanbe only a �nite numberof exampleimagesin



the training database.A moregeneralapproachwill be to
representthetestimageasa linearcombinationof example
images.Thesamelinearcombinationcanbeappliedto the
correspondingshapeparametersof the exampleimagesto
recover the shapein the new image. Principalcomponent
analysis(PCA) canbeusedto �gure out therepresentation
of thetestimagein termsof thelinearcombinationof exam-
pleimages.Given � exampleimages

���

, let �

�
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vectorscorrespondingto themarkedcontrolpointsoneach
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is themeanimage,thenthecovariancematrixof
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As the eigenvectorsare expressedas a linear combina-
tion of exampleimages,we canexpressthe shapeparam-
eterscorrespondingto theeigenimagesusingthesamelin-
earcombination. Let � be the meanof the vectorscorre-
spondingto the control points in exampleimagesand let
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To recover the shapeparametersin the test image,we
�rst expressthe new imageasa linear combinationof the
eigenvectorsby projectingit ontothetop few eigenvectors.
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In brief, thetrainingsetis �rst processedof�ine to com-
putetherequiredeigenvectors.During thereal-timetrack-
ing the croppedimagesof the eyesandeyebrows arepro-
jectedon thecorrespondingtop few eigenvectors.Experi-
mentsshowed that the �rst 40 eigenvectorssuf�ce for the
taskandin our implementationwe usethose. Thesepro-
jectionsareusedto recover thecontrolpointsasexplained
above. This approachworkedparticularlywell on thesub-
jectswho hadtheir imagesin the training database.This

strategy is a simpli�cation of the approachusedby Cov-
ell et al[4] andperformswell for the purposeof the facial
featuretracking,particularlyon the subjectswho had im-
agesin the trainingset. Note that thereis no initialization
step,whichwasverycritical in many templatematchingap-
proaches.Further, thenon-iterative natureof theapproach
makesit idealto beusedin a real-timesystem.

Thisapproachis veryef�cient, runsin realtimeat30fps
andis ableto trackupperfacialfeaturesrobustlyin presence
of largeheadmotionsandocclusions.Onelimitation of our
implementationis thatit is not invariantto largezoomingin
or outas�x edsizeimagesof thefacialfeaturesarecropped.
Further, our training set did not have sampleswith scale
changes.Also in a few caseswith somenew subjects,the
systemdid not work well, asthe training imageswerenot
ableto spanthewholerangeof variationsin appearanceof
theindividuals.A trainingsetwhichcapturesthevariations
in appearanceshouldbeableto overcometheseproblems.

Figure3 shows trackingresultsof somesequences.The
�rst subject appearingin Figure 3 was in the training
database.Thesystemis ableto trackthefeaturesverywell.
Note that in the �rst sequenceof Figure3 the left eyebrow
is not trackedin frames67,70and75asit is not presentin
the image.Similarly all the templatesarelost in the frame
29 in thesecondsequenceof Figure3 whenthepupilsare
absent,asthe subjectblinks. The templatesarerecovered
assoonas the featuresreappear. The secondsequencein
Figure3 shows the trackingresultsfor a subjectnot in the
training set. Again, notethat the secondframein the �rst
sequencedoesnot show any eyesor eyebrows, dueto the
fact that the subjectblinked andhenceno pupils werede-
tected.The trackingrecoversin thevery next framewhen
thepupilsarevisibleagain.

Despitevariousadvantages,thisstrategy hassomeshort-
comings. It assumesa linear relationshipbetweenthe im-
ageandtheshapeparameters,whichmight not bethecase.
Also, it usesprincipal componentanalysisto recover the
shape;hence,it assumesthat the top eigenvectorscapture
theshapevariations,whichiserroneous.Theremaybevari-
ationsdueto lighting which would contributehighly to the
principalcomponents.

3.3 Action Unit Classi�cation

Oncetheparametersareextractedthenext stepis to iden-
tify the facialactionsthey correspondto. Therearelots of
classi�ersthatcouldbeusedfor thepurposeof AU recogni-
tion. SupportVectorMachines(SVM) have beenshown to
performwell onanumberof classi�cationtasks.Classi�ers
basedonSVM performbinaryclassi�cationby �rst project-
ing the datapointsonto a linearly separablefeaturespace
and then, using a hyperplanethat is maximally separated
from the nearestpositive andnegative datapoints. Math-
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Figure3: UpperFacialFeatureTracking.
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determineswhetheranAU
hasbeenrecognizedor not.

Thereareover 40 different facial actionunits enumer-
atedin FACS [8] andmorethan7,000differentAU com-
binationshave beenobserved. A systemthat aims to an-
alyzefacesshouldnot only recognizea singleAU but the
combinationsof AUsaswell. TheAU combinationscanbe
additive or non-additive. The appearanceof AUs doesnot
changewhenadditive combinationof AUs occur, whereas
in non-additivecombinations,theappearanceof individual
AUs doeschange.In our systema separateSVM for each
AU is trainedusingexamples.WehaveusedCawley'sSVM
toolbox [3] to train theSVMs to classifythe facial feature
parametersthat correspondto an occurrenceof a particu-
lar AU from the onesthat don't. During the recognition
phase,the facial featureparametersin eachframeare�rst

normalizedto accountfor variability dueto changein pose,
zoom and personalvariations. Thesenormalizedparam-
etersare then subtractedfrom the normalizedparameters
correspondingto aneutralframe.Thisdifferenceis usedas
input featuresto the SVMs to �gure out which AUs were
present.Also ratherthanusingall theshapeparameters,we
useonly thosethataremostindicativeof theactionunit that
wearetrying to recognize.Weuseparametersthatdescribe
eyebrows to recognizeAU 1, 2 and4 andtheeye parame-
tersfor AU 5 and7. Thenext sectiondescribesevaluation
of thesystemandtheresults.

4 Experimental Evaluation Results

Thesystemwasevaluatedon two datasets.The�rst dataset
is completelynaturalwith lots of headmotions,occlusions
andposechanges.Theresultsareindicative of how a sys-
tem like this would work in real-world applications. The
seconddatabasewe useis theCohn-Kanadedatabase[11],
which hasbeenpreviously usedto testfacialactionrecog-
nition systems.Theresultson thisdatabaseenablecompar-
isonbetweentheframeworkhereandotherpublishedmeth-
odsthathave beentrainedandtestedon theCohn-Kanade
database.

The natural facial action databasehas 8 children in a
real learningsituation. Thesechildrenwereasked to play
agamecalledthefripple place[7]. Thegamehasanumber
of puzzlesthat requiresmathematicalreasoning.Eachkid



worked on thesepuzzlesfor about20 minutes. Videosof
their faceswererecordedby two cameras.A visioncamera
wasplacedon top of the monitor andan IBM Blue Eyes
camerawasplacedunderthemonitor. A FACStrainedex-
pert codedthe videosof the facefor variousaction units
and80frameswereselectedfrom theseFACScodedvideos
of the kids. Theseframeswere selectedmanuallyto en-
sure that there were an equal numberof samplesof the
different facial actionunits from all the kids. The Cohn-
Kanadedatabaseis acomprehensivedatabasecollectedand
codedby a teamof researchersandconsistsof adultsper-
forming a seriesof facialexpressionsin front of a camera.
Thetrainingandtestingdatabase(CMU database)hasvideo
sequencesof 25 individuals,eachvideo sequencestarting
with a neutralframe. The detailsof both the datasetsare
shown in Table3.

Table3: Detailsof instancesof AUs in thedatasets

Action Unit # of instances # 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 individualAUs in ourdatabase

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 recognitionaccuracy using
leave-one-subject-outcrossvalidation.Theclassi�erswere
trainedusingthe datafrom all but onesubjectandreserv-
ing the one subjectfor testing. This was repeatedfor all
subjectsin thedatabase.Thesystemcould recognizeeach
individualAU with anaccuracy of 69.29%,whereasanac-
curacy of 62.5%wasobtainedfor all AU combinations.Ta-

Table5: Resultsfor individualAUs 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 shows how well eachindividual AU wasrecognized
andTable6 showshow well eachAU combinationwasrec-
ognized. Although the resultsaresigni�cantly betterthan
random,they are not as high as we would like to attain;
moreover, they arelower thanwhathasbeenpreviously re-
portedin the literature.However, it is importantto keepin
mind that theseresultsare calculatedon a datasetarising
from naturalhumanbehavior; thissetis verydifferentfrom
the datasetsusedto evaluateearlier systems. The videos
have a lot of occlusionandheadmovements,which makes
theproblemmuchharderthanondatasetswheretheexpres-
sionsarelargely staged,andthe imagespre-processedand
manuallynormalized.

The systemwas also evaluatedon the CMU database.
For evaluationpurposes,the pupils in the CMU database
werehandmarkedasthedatabasewasnotshotusingaBlue
Eyescameraandthepupil positionscouldnot beextracted
automatically. Further, ratherthanusing the extractedfa-
cial features,we usedthePCA coef�cients computedsep-
aratelyfor eye and eyebrow regions. Note that the PCA
coef�cients arelinearly relatedto thefacial featureparam-
eters. On the CMU databasethe systemcould recognize
eachindividual AU with an accuracy of 81.22%. Table5
shows thecompleteresults.The resultsarecomparableto
resultspreviously reportedon the samedatabaseby Tian
et al [15]. A lot of earlierwork in faceanalysisreported
very high recognitionresultsandat �rst glancethe results
reportedhereon thenaturaldatabasemight seeminsigni�-
cant. But, we have to keepin mind thatmostof theearlier
work hasfocusedon frontal videoof the faceshotin ideal
conditions.Thesystemsweretrainedandtestedat theapex
of emotionalexpressionand requiredhumanintervention
to identify the neutraland apex framesprior to process-
ing. Consideringthat an accuracy of 75% amongthe hu-
manFACScodersis requiredfor certi�cation asanexpert,
thenew fully-automaticsystemperformanceis comparable
to thatof humanexperts.In real-world applicationstheface



Table6: Resultsfor AU combinationsin 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 automaticandshouldnot
requireany humanintervention,which is challengingdue
to thepresenceof headmovements,posevariationsandoc-
clusionsin a naturalscenario.This systemis evaluatedin
thesechallengingconditions;hence,theresultsarestateof
theart for visionappliedto naturalhumanbehavior.

5 Conclusionand Futur eWork

This paperdemonstratesa fully automaticframework that
canrecognizeupperfacialactionunits.Thisframeworkcan
beusedin scenarioswherethemachineneedsa perceptual
ability to recognize,modelandanalyzethefacialactivity in
realtimewithoutany manualintervention.Thesystem�rst
tracksthepupil positionsrobustly usingthered-eye effect;
thesepositionsarethenusedto localizeeyesandeyebrows.
Theshapeparameterscorrespondingto thesefacialfeatures
arerecoveredusingPrincipalComponentAnalysis(PCA).
Oncethe parametersdescribingthe facial featuresare re-
covered,they areusedto recognizethefacialactions.Sup-
port vectormachines(SVMs) areusedto recognizefacial
actionsanda recognitionaccuracy of 69.29%for eachin-
dividual AU is reported.Thesystemcancorrectlyidentify
all possibleAU combinationswith anaccuracy of 62.5%in
a realandfully naturaldataset.Thedatasetusedfor evalu-
ationis completelynaturalandthepaperdemonstrateshow
computervision andmachinelearningcanbeintegratedto
build real-world applications.

The framework suggestedin this paperhassomelimi-
tations. The systemdependsupon the robust pupil track-
ing, which currentlybreakswhenthesubjectsarewearing
glasses.The patternrecognitionto �nd pupils canbe fur-
therre�ned to trackthepupilsevenwhentherearesubjects
with glasses.Sincethe systemusesinfraredLEDs, it can
beconfusedby thepresenceof strongdirectsunlightasin
anautomobile(althoughwe hadno problemswith indirect
daylight from anof�ce window); consequently, this would

needmodi�cation for someenvironments.It is alsopossi-
ble to re�ne the shapeparameterextractionby taking into
accountzoomandvariationsdueto posechanges.Thesys-
temcanalsobeextendedto tracklower facialfeatures,like
thelips andnose,andto recognizelower facialactionunits
aswell. Thefaceis avery importantchannelthatemitssig-
nalsrelatedto the internalstateanda lot of effort is being
devotedto unravel this relationship.Besidesbeingusedas
a man-machineinterface,this framework would hopefully
beusefulto a lot of theseresearcheffortsaswell .
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