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Abstract. Action recognitionhastraditionallyfocusedonprocessingfixedcam-
eraobservationswhile ignoringnon-visualinformation.In thispaper, weexplore
thedynamicpropertiesof themovementsof differentbodypartsin naturaltasks:
eye, headandhandmovements arequite tightly coupledwith the ongoing task.
In light of this,our methodtakesanagent-centeredview andincorporatesanex-
tensive descriptionof eye-head-handcoordination.With the ability to track the
courseof gazeandheadmovements,our approachusesgazeandheadcuesto
detectagent-centeredattentionswitcheswhichcanthenbeutilizedto segmentan
actionsequence into actionunits.Basedon recognizingthoseactionprimitives,
parallelhiddenMarkov modelsareappliedto modelandintegratetheprobabilis-
tic sequencesof theactionunitsof differentbodyparts.An experimentalsystem
is built for recognizinghumanbehaviors in threenaturaltasks:“unscrewing a
jar”, “stapling a letter” and“pouring water”, which demonstratesthe effective-
nessof theapproach.

1 Intr oduction
Humans perceive an actionsequence asseveral actionunits[1]. This gives rise to the
ideathatactionrecognition is to interpretcontinuoushuman behaviors asa sequence
of actionprimitives.However, we noticethata sequenceof actionprimitives is not the
final outcome of visualperception. Humans have theability to groupthoseunitsinto a
high-level abstractrepresentationthatcorrespondsto tasksor subtasks.For example, in
ourexperiments,onesubjectperformedsomenatural taskswhile theothersubjectwas
asked to describe the actionsof theperformer. Theverbaldescriptions of thespeaker
mostly correspondto subtasksbut not action units. For instance,the speaker would
say“he is unscrewing a jar”, but would not describeactivities in suchdetailsas“his
handis approachinga jar”, “then he is grasping it” and“he is holding the jar while
unscrewing it”. Thus, the speaker conceptualizesthe sensoryinput into the abstract
level corresponding to tasksor subtasks,thenverbalizestheperceptual resultsto yield
utterances.Basedon this observation,we argue thatto mimic humancapabilities, such
asdescribing visualevents verbally, thegoalof actionrecognition is to recognizenot
onlyactionprimitivesbut alsotasksandsubtasks.In light of this,thisworkconcentrates
onrecognizing tasksinsteadof actionprimitives.

Recentresultsin visualpsychophysics[2,3] indicatethat in naturalcircumstances,
theeye,thehead,andhandsarein continual motionin thecontext of ongoingbehavior.



Thisrequiresthecoordinationof thesemovementsin bothtimeandspace.Landetal.[2]
found that during the performanceof a well-learntask(making tea),the eyesclosely
monitor every stepof the processalthough the actionsproceed with little conscious
involvement.Hayhoe[3] hasshown thateyeandheadmovementsarecloselyrelatedto
therequirementsof motortasksandalmosteveryactionin anactionsequenceis guided
andcheckedby vision,with eyeandheadmovementsusuallyprecedingmotoractions.
Moreover, theirstudiessuggestedthattheeyesalwayslook directlyat theobjectsbeing
manipulated.In ourexperiments,weconfirmtheconclusionsby HayhoeandLand.For
example, in theactionof “picking upacup”, thesubjectfirst movestheeyesandrotates
theheadto look towards thecupwhile keeping theeye gazeat thecenterof view. The
handthenbegins to movetowardthecup.While thesubjectgraspsthecup,theeyesare
fixating it to guide theaction.

Despitetherecent discoveriesof thecoordinationof eye,headandhandmovements
in cognitive studies,little work hasbeendone in utilizing theseresultsfor machine
understandingof human behavior. In this paper, our hypothesisis that eye andhead
movements,as an integral part of the motor program of humans,provide important
informationfor actionrecognition in human activities. We testthis hypothesisby de-
veloping a method thatsegmentsactionsequencesbasedon thedynamic propertiesof
eyegazeandheaddirection, andappliesParallelHiddenMarkov Models(PaHMMs) to
integrateeyegazeandhandmovementsfor taskrecognition.

2 RelatedWork
Early approaches[1] to actionunderstandingemphasizedon reconstructionfollowed
by analysis.More recently, Brand[4] proposesto visually detectcausaleventsby rea-
soningaboutthemotionsandcollisionsof surfacesusinghigh-level causalconstraints.
MannandSiskind[5] present asystemthatis basedonananalysisof theNewtonianme-
chanicsof asimplifiedscenemodel. Interpretationsof imagesequencesareexpressedin
termsof assertionsaboutthekinematic anddynamicpropertiesof thescene.Presently,
HiddenMarkov Models(HMMs) have beenappliedwithin the computer vision com-
munity to addressactionrecognition problems in which time variation is significant.
StarnerandPentland[6] havedevelopedareal-timeHMM-basedsystemfor recognizing
sentence-level AmericanSignLanguage(ASL)withoutexplicitly modeling thefingers.
WilsonandBobick[7] haveproposedanapproachfor gestureanalysisthatincorporates
multiplerepresentationsinto theHMM framework. Ourwork differsfrom theirsin that
we take anagent-centeredview andincorporateanextensivedescription of theagent’s
gaze,headandhandmovements.

3 Attent ion-basedAction Segmentation
Thesegmentationof a continuousactionstreaminto actionprimitivesis thefirst step
towardsunderstandinghuman behaviors. With the ability to track the courseof gaze
andheadmovements,our approachusesgazeandheadcuesto detectagent-centered
attentionswitcheswhichcanthenbeutilizedto segment human actionsequences.

In our experiments,we noticethat actions canoccurin two situations:during eye
fixationsandduringheadfixations.Forexample, in a“picking up” action, theperformer



focusesontheobjectfirst thenthemotor systemmovesthehandto approachit. During
theprocedureof approaching andgrasping, theheadmovestowardstheobjectasthere-
sultof theupperbodymovements,but eyegazeremainsstationaryonthetargetobject.
Thesecondcaseincludessuchactionsas“pouring water” in which theheadfixateson
the objectinvolved in the action.During the headfixation, eye-movement recordings
show that therecanbea number of eye fixations.For example, whentheperformeris
pouring water, hespends 5 fixations on thedifferentpartsof thecupand1 look-ahead
fixationto thelocationwherehewill placethewaterpotafterpouring. In thissituation,
theheadfixation is a bettercuethaneyefixationsto segmenttheactions.

Basedon the above analysis,we develop an algorithm for action segmentation,
whichconsistsof thefollowing threesteps:

1. Head fixation finding is basedon theorientations of thehead.We use3D orien-
tationsto calculatethespeedprofile of thehead, asshown in thefirst two rows of
Figure1.

2. Eye fixation finding is accomplishedby a velocity-threshold-basedalgorithm. A
sampleof theresultsof eye dataanalysis is shown in the third andfourth rows of
Figure1.

3. Action Segmentation is achieved by analyzing headandeye fixations,andparti-
tioning thesequenceof handpositions into theactionsegments(shown in thebot-
tomrow of Figure1) basedon thefollowing threecases:

– Within the headfixation, thereareoneor morethanoneeye fixations.This
correspondsto actions,suchas“unscrewing”. “Action 3” in thebottomrow of
Figure1 represents this kind of action.

– During theheadmovement, theperformerfixateson thespecificobject.This
situationcorresponds to actions,suchas“picking up”. “Action 1” and“Action
2” in thebottomrow of Figure1 representthisclassof actions.

– During theheadmovement,eyesarealsomoving. It is mostprobable thatthe
performeris switchingattentionafterthecompletion of thecurrentaction.

4 Task Recognitionthr ough Parallel HMMs(PaHMMs)
Basedon actionsegmentation, the courseof eye andhandmovementsis partitioned
into short segments that correspond to action units. Our method of task recognition
is basedon recognizing the actionunits andmodelingthe probabilistic sequencesof
thoseactionprimitives in tasks.Parallel HMMs consistingof two setsof HMMs are
implementedto modelthemovementsof differentbodypartsin parallel. Onesetis to
modeleyemovementsin naturaltasks,which is describedin subsection4.1.Theother
presentedin subsection4.2useshandmovementsasinput.At theendpoint of a task,
theprobability estimatesof two modelsarecombinedfor recognizing tasks.

4.1 Object SequenceModel Basedon GazeFixations
Therearetwo kinds of eye movements:saccadeandfixation. Saccadesarerapid eye
movementsthatallow thefoveato view a differentportion of thedisplay. Oftena sac-
cadeis followed by oneor multiplefixationswhentheobjectsin asceneareviewed. In
thecontext of performingnatural tasks,cognitivestudiesshow thattheeyesalwayslook
directly at theobjectsbeingmanipulated[2,3]. Also, in thecomputer vision field, the



Fig.1. Segmentingactions basedon head and eye fixations The first two Rows: Point-to-
pointspeedsof headdataandthecorrespondingfixationgroups(1–fixating,0–moving).The third
and fourth rows: Eyemovementspeedsandtheeyefixationgroups(1–fixating,0–moving) after
removing saccadepoints.The bottom row: Theresultsof actionsegmentationby integratingeye
andheadfixations.

usefulnessof objectcontext to perform actionrecognition is appreciatedby thework of
Mooreetal.[8]. Basedontheseresults,wearguethatthesequenceof thefixatedobjects
in a naturaltaskimplicitly representstheagent’s attentionin timeandprovideshelpful
informationfor understandinghumanbehaviors.

We develop discrete6-stateHMMs thatmodelthesequencesof thefixatedobjects.
Theobservationsof HMMs areobtainedby thefollowing steps:

1. Eyefixation finding is accomplishedby avelocity-threshold-basedalgorithm. For
eachactionunit obtainedfromsegmentation, therecanbeanumberof eyefixations
ranging from 1 to 6.

2. Object spotting is implementedby analyzing snapshotswith eye gazepositions
during eye fixations.Figure 2 shows that the object of agentinterestis spotted
by usingtheeye positionasa seedfor region growing algorithm[9]. Thena color
histogramandmultidimensionalreceptive field histogramarecalculatedfrom the
segmentedimageandcombined to form a feature vector for object recognition.
Furtherinformationcanbeobtainedfrom [10].

3. Observationsof HMMs areobtainedby symbolizing theobjects involvedin tasks.
In practice, we noticethat theremight bemultiple eye fixationsduringanaction.
Distinct symbolsare usedto represent the possiblecombinationsof fixated ob-
jects. In this way, the discreteobservationsof HMMs consistof all the objects
andtheirpossiblecombinationsin ourexperiments(describedin Section5), which
include“cup”, “waterpot”, “cup+waterpot”, “stapler”, “paper”, “stapler+paper”,
“jar”, “lid”, “jar+lid” and“nothing”.

4.2 Hand MovementModel

Figure3 illustratesthehierarchicalHMMs thatareutilized to model handmovements.
Firstly, a sequenceof feature vectors extracted from thehandpositionsof eachaction



Fig.2. Left: A snapshot with eye position(black cross)in theactionof “picking up”. Right: The
objectextractedfrom theleft image.

segment is sentto low-level HiddenMarkov Models(HMMs) to recognize themotion
type.Then, motiontypesareusedasobservationsof high-level discreteHMMs whose
output will bemergedwith themodelsof otherHMMs running in parallel.

We now givea brief descriptionof themethod for motion typerecognition. Further
informationcanbeobtainedfrom [10]. Thesix actionswe sought to recognize in our
experimentswere:“picking up”, “placing”, “holding”, “lining up”, “stapling” and“un-
screwing”. Wemodeleachactionasaforward-chaining continuousHMM plusaHMM
for any othermotions.EachHMM consistsof 6 states,eachof whichcanjumpto itself
andthenext two forward-chaining states.Givenasequenceof featurevectorsextracted
from hand positions,we determine which HMM mostlikely generatesthoseobserva-
tionsby calculatingthelog-probabilityof eachHMM andpicking themaximum.

High-level HMMs model the probabilistic sequencesof motion typesin different
tasks.The outputs of low-level HMMs, motion types,areusedasthe observation se-
quencesof high-level HMMs, eachof which is composedof 5 hiddenstates.Thestates
and transitionprobabilities aredetermined by the Baum-Welch algorithmduring the
HMM trainingprocess.

Fig.3. The hierarchical HMM for action recognitionconsistsof thelow-level HMMs for mo-
tion typesandthehigh-level HMMs for modelingthesequencesof motiontypesin tasks.

4.3 Integration of Eyeand Hand MovementsUsingPaHMMs

PaHMMs werefirst suggestedby BourlardandDupont[11] in subband-basedspeech
recognition.They dividedthespeechsignalsinto subbandsthatweremodeledindepen-
dently. Theoutputs of subbandswerethenmergedto eliminateunreliablepartsof the



speechsignal.Vogler andMetaxas[12] first introducedPaHMMs in the computer vi-
sionfield. They developedPaHMMsto modeltwo handmovementsfor AmericanSign
LanguageRecognition.

PaHMMsmodel C processeswith C independent HMMs with separateoutput.The
HMMs for theseparateprocessesaretrainedindependently to determinetheparameters
of eachHMM. In the recognition phase,it is necessaryto integrateinformation from
the HMMs representing different processes.Using the likelihood-basedcriterion, we
wantto pick themodel ��� maximizing:���	��
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Fig.4. Parallel HMMs : Thestreamsof bodymovementsareprocessedin parallelandintegrated
to yield globalscoresanda globalrecognitiondecision.

Figure 4 shows theapproachto integrateeye andhandmovements.In themerging
state,theprobabilitiesof individual HMMs arecombined to yield globalscores.When
outputs arelinearly combined, theexpectederror will decrease,both in theoryandin
practice.Therefore, thecombinationstrategy usedhereis thelinearweightedaverage:�" #
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reflectstheextentto which
thestreamcontains featuresthatareusefulfor recognition. Theweightingfactorsare
computedby usingmaximumlikelihoodfrom thetrainingdata.

5 Experiments

A Polhemus 3D tracker was utilized to acquire 6-DOF handand headpositionsat0 -2143
. The performerwore a head-mounted eye tracker from Applied ScienceLab-

oratories(ASL).Theheadbandof theASL holdsaminiature“scene-camera” to theleft
of theperformer’sheadthatprovidesthevideoof thescenefrom afirst-personperspec-
tive. The video signalsaresampledat the resolutionof 320 columns by 240 rows of
pixels at the frequency of

.�5 163
. The gazepositions on the imageplanearereported



Fig.5. Snapshots of threecontinuousactionsequences in our experiments.Top row: Pouring
water. Middle row: Staplinga letter. Bottom row: Unscrewing a jar.

at the frequency of 7
-2163

. Beforecomputing featurevectors for HMMs, all position
signalspassthrougha 6thorder Butterworth filter with cut-off frequency of

5 143
.

In this study, we limited thepossibletasksto thoseon a table.Thethreetaskswe
sought to detectwere:“staplinga letter”, “pouringwater”and“unscrewing a jar”. Fig-
ure 5 shows snapshots captured from the head-mounted camerawhena subjectper-
formed threetasks.We collected108actionsequences,36 for eachtask.Thefirst 18
sequencesof eachtaskareusedfor trainingandtherestfor testing.

Theresultsof taskrecognition areshown in Figure6. To evaluatetheperformance
of PaHMMs, we also test the recognition ratesof usingobjectsequence HMMs and
handHMMs individually. PaHMMs provide a clear advantagecomparedwith other
approaches.We also note that object sequence HMMs outperform handmovement
HMMs. This demonstratesthat temporal object sequencesimplicitly indicatetheper-
former’s focus of attentionduringactionexecution andprovide important information
for machine understandingof humanbehavior.

6 Conclusion
Thispaperdescribesanovel methodto recognizehumanbehaviorsin naturaltasks.The
approachis uniquein thatthecoordinationof eye,headandhandmovementsis utilized
for task recognition. The integration of multistreambody movements is achieved by
PaHMMs, in whichdifferentstreamsof body movementsareprocessedin paralleland
integratedat theendpointof a task.Theadvantagesof thismethod aretwofold. Firstly,
themovementsequences of differentbodypartsarenot restrictedto thesamesampling
rateandtheunderlying HMMs associatedwith individualsequencesdonotnecessarily
have thesametopology. Secondly, merging different sourcesof bodymovementscan
improvetherecognition ratein thewaythatpossiblyoccurring noisein onestreamdoes
not degradetheperformancesomuchsinceotheruncorruptedstreamsyield sufficient
informationfor recognition.

We areinterestedin learning more complicatedactionsin natural tasks.For future
work, we will build a library of additional actionunits,likephonemesin speechrecog-



Fig.6. Left table: the resultsof taskrecognition.Right plot: per-tasksequencelog likelihood.
The sequencesaresortedfor easeof comparison. The left third representthe taskof “pouring
water”, themiddlethird representthetaskof “staplinga letter”, andtheright third representthe
taskof “unscrewing a jar”.

nition. As a result,whena performerworkson differentkindsof tasksover extended
durations(e.g.,over thecourseof anhour), thesystemcould learnto recognizenewly
encounteredactions andtaskswithouthumaninvolvement.
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