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Abstract. Action recognitionhastraditionallyfocusedon processindixedcam-
eraobsenations while ignoringnon-visualinformation.In this paperwe explore
thedynamicpropertief the movemeris of differentbody partsin naturaltasks:
eye, headandhandmovemerts are quite tightly coupledwith the ongdng task.
In light of this, our methodtakesan agent-centerediew andincorpaatesanex-
tensve descriptionof eye-hea-handcoordnation. With the ability to track the
courseof gazeand headmovements,our approachusesgazeand headcuesto
detectagent-centeredttentionswitcheswvhich canthenbe utilized to segmentan
actionsequene into actionunits. Basedon recognizingthoseactionprimitives,
parallelhiddenMarkov modelsareappliedto modelandintegratethe probabilis-
tic sequenesof the actionunits of differentbody parts.An experimentalsystem
is built for recognizinghumanbehaiors in three naturaltasks:“unscreving a
jar”, “stapling a letter” and “pouring water”, which demonstratethe effective-

nessof theapproach.

1 Intr oduction

Humars perceve an actionsequene asseveral actionunits[]]. This gives rise to the
ideathatactionrecaynition is to interpretcontiruoushuman behaiors asa sequene
of actionprimitives.However, we noticethata sequencef actionprimitives is notthe
final outcone of visual percepion. Humars have the ability to groupthoseunitsinto a
highdevel abstractepresetationthatcorrespondgo tasksor subtaskskor examge, in
our experimentsponesubjectperformedsomenatual taskswhile the othersubjectwas
asledto descrile the actionsof the perfamer. The verbaldescripions of the spealer
mostly correspondto subtasksbut not action units. For instance the spealer would
say“he is unscreving a jar”, but would not describeactities in suchdetailsas“his
handis appoachinga jar”, “then heis graspimg it” and“he is holding the jar while
unscreving it”. Thus, the spealer concepualizesthe sensoryinput into the abstract
level correspondimy to tasksor subtasksthenverhalizesthe percepual resultsto yield
utteranes.Basedon this obseration,we argue thatto mimic humancapaliities, such
asdescriting visual events verhally, the goal of actionrecogiition is to recoguize not
only actionprimitives but alsotasksandsubtasksln light of this, thiswork concetrates
onrecoqizing tasksinsteadof actionprimitives.

Recentresultsin visual psych@hysics[2,3] indicatethatin naturalcircunrstances,
theeye,theheadandhand arein continual motionin thecontext of ongping behavior.



Thisrequiresthecoordnationof thesemovementsn bothtimeandspacelLandetal.[2]
found that during the perfomanceof a well-learntask(makiig tea),the eyesclosely
monita every stepof the processalthoudh the actionsprocesd with little conscious
involvement HayhoeB] hasshavn thateye andheadmovementsarecloselyrelatedto
theregurementsof motortasksandalmostevery actionin anactionsequeneis guided
andchecledby vision, with eye andheadmovementauisuallypree@dingmotoractions.
Moreover, their studiessuggestethatthe eyesalwayslook directly at theobjectsbeing
manipuated.In ourexperimentswe confirmtheconclusiols by Hayhee andLand. For
exampe, in theactionof “picking upacup”, thesubjecffirst movestheeyesandrotates
the headto look towards the cupwhile keepirg the eye gazeat the centerof view. The
handthenbegins to move towardthecup.While the subjectgraspshecup,theeyesare
fixating it to guide theaction.

Despitetherecen discoreriesof thecoordnationof eye, headandhandmovements
in cognitive studies little work hasbeendore in utilizing theseresultsfor mactine
undestandingof human behaior. In this paper our hypothesisis that eye andhead
movements,as an integrd part of the motor progam of humans, provide important
informationfor actionrecanition in human actities. We testthis hypothesisby de-
velogng a metha that sggmentsactionsequenesbasedon the dynamc propertiesof
eye gazeandheaddiredion, andappliesParallelHiddenMarkov Models(RRHMMSs) to
integrateeye gazeandhandmovementdor taskrecogiiion.

2 RelatedWork

Early appoached1] to actionundestandingemphasizean recorstructionfollowed
by analysis More recently Brand[4] proposedo visually detectcausaleventsby rea-
soningaboutthe motionsandcollisionsof surfacesusinghigh-level causakonstraints.
MannandSiskindp] presehasystenthatis basednananalysisof theNewtonanme-
chanicof asimplifiedscenemockl. Interpetationsof imagesequenesareexpressedn
termsof assertionsiboutthe kinemdic anddynamic propertiesof the scenePresently
HiddenMarkov Models(HMMs) have beenappliedwithin the compuer vision com-
munity to addessactionrecaynition prodemsin which time variation is significant.
StarneandPentlandp] have developedareal-timeHMM-basedsystentfor recogizing
sentence-kel AmericanSignLanguae(ASL)withoutexplicitly modelirg thefingers.
Wilson andBobick[7] have proppsedanappoachfor gestureanalysisthatincomporates
multiple represent@gonsinto theHMM frameawork. Ourwork differsfrom theirsin that
we take anagenteenteredziew andincorporateanextensive description of theagert's
gaze headandhandmovemerts.

3 Attention-basedAction Segmentation

The segmertation of a contiruousactionstreaminto actionprimitivesis the first step
towardsundestandinghuman behaiors. With the ability to track the courseof gaze
andheadmovementspur appoachusesgazeandheadcuesto detectagent-catered
attentionswitcheswhich canthenbe utilized to segmert human actionsequences.

In our experimentswe naoticethatactiors canoccurin two situations:duiing eye
fixationsandduringheadixations.For examge, in a“picking up” action theperfamer



focusentheobjectfirst thenthe mota systenmovesthehandto apprachit. During
theproedureof approachirg andgraspng, theheadmovestowardsthe objectasthere-
sult of theupperbodymovements but eye gazeremainsstationaryonthetarget object.
The secondccaseincludessuchactionsas“pouring water” in which the headfixateson
the objectinvolved in the action. During the headfixation, eye-novenmentrecordigs
shav thattherecanbe a numbe of eye fixations.For examge, whenthe performeris
pouting water he spend 5 fixations on the different partsof the cupand1 look-ahead
fixationto thelocationwherehewill placethewaterpotafterpouring. In this situation,
theheadfixationis a bettercuethaneye fixationsto sgmentthe actions.

Basedon the above analysis,we develop an algorithm for action segmenation,
which consistof thefollowing threesteps:

1. Head fixation finding is basedon the orientatiors of the head.We use3D orien
tationsto calculatethe speedprofile of the head asshawvn in thefirst two rows of
Figurel.

2. Eye fixation finding is accomfishedby a velocitythresholdbasedalgorithm. A
sampleof the resultsof eye dataanalysisis shavn in the third andfourth rows of
Figurel.

3. Action Segmentatia is achieved by analyzig headandeye fixations,andparti-
tioning the sequene of handpositiors into the actionsegments(shaevn in the bot-
tomrow of Figurel) basednthefollowing threecases:

— Within the headfixation, thereare one or more than one eye fixations. This
correspadsto actions,suchas“unscraving”. “Action 3" in thebottomrow of
Figurel represets this kind of action.

— During the headmovemer, the perfamer fixateson the specificobject. This
situationcorrespond to actions suchas“picking up”. “Action 1” and“Action
2" in thebottomrow of Figurel repiesenthis classof actions.

— Duringthe headmovement gyesarealsomoving. It is mostprobalbe thatthe
perfameris switchingattentionafterthe completio of the currentaction.

4 TaskRecognitionthr ough Parallel HMMs(P aHMMs)

Basedon action segmertation, the couse of eye andhandmaovementsis partitionel
into shortsegmernts that corresppnd to action units. Our metha of task recognition
is basedon recoqizing the actionunits and modelingthe probabilistic sequenes of
thoseactionprimitivesin tasks.Parallel HMMs consistingof two setsof HMMs are
implemertedto modelthe movementsof differentbody partsin pardlel. Onesetis to
modeleye movementsn naturaltaskswhichis describedn subsectiord.1. Theother
presentedn subsectiort.2 useshandmovementsasinput. At the endpoint of a task,
theprokability estimateof two mocdelsarecombiredfor recogizing tasks.

4.1 Object SequenceModel Basedon GazeFixations

Therearetwo kinds of eye movements:saccadeandfixation. Saccadesrerapid eye
movementghatallow the foveato view a differentportion of thedisplay Oftena sac-
cadeis followed by oneor multiple fixationswhenthe objectsin asceneareviewed In

thecontext of perfoming natual tasks cogritive studiesshawv thattheeyesalwayslook
directly at the objectsbeingmanipuated[2,3]. Also, in the compuer vision field, the
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Fig. 1. Segmentingactions basedon head and eye fixations The first two Rows: Point-to-
pointspeed®f headdataandthecorrespadingfixation groups(tfixating,0—-moving).The third
and fourth rows: Eyemovementspeedsndthe eye fixation groups(tfixating,0—-moving) after
removing saccae points.The bottom row: Theresultsof actionsegmentatiorby integratingeye
andheadfixations.

usefulressof objectcontext to perfom actionrecogition is appreiatedby thework of
Mooreetal.[8]. Basedontheseresults we arguethatthe sequeneof thefixatedobjects
in anaturaltaskimplicitly representthe agents attentionin time andprovideshelpful
informationfor undestandinghumanbehaiors.

We develop discrete6-stateHMMs thatmodelthe sequencesf thefixatedobjects.
Theobserationsof HMMs areobtaired by thefollowing steps:

1. Eyefixation finding is accomjishedby a velocity-thresholdbasedalgorithm. For
eachactionunit obtairedfrom segmentatio, therecanbeanumberof eyefixations
rangirg from 1 to 6.

2. Object spotting is implementedby analyzirg snapshotwith eye gazepositions
during eye fixations. Figure 2 shavs that the object of agentinterestis spotted
by usingthe eye positionasa seedfor region growing algorithni9]. Thena color
histogramandmultidimersionalreceive field histogam are calculatedrom the
segmentedimageand combired to form a featue vecta for objectrecoqition.
Furtherinformationcanbe obtainedrom [10].

3. Observationsof HMMs areobtainedoy symbdizing theobjeds involvedin tasks.
In practice we noticethattheremight be multiple eye fixationsduring anaction.
Distinct symbolsare usedto representthe possiblecombnationsof fixated ob-
jects. In this way, the discreteobsevationsof HMMs consistof all the objects
andtheir possiblecombnationsin our experiments(descriedin Section 5), which

include“cup”, “waterpot”, “cup+waterpot”, “stapler stapler+@mper”,

“jar”, “lid”, “jar+lid” and“nothing”.

, paper;,

4.2 Hand MovementModel

Figure3 illustratesthe hierachical HMMs thatareutilized to modd handmaovements.
Firstly, a sequencef featue vectas extraded from the handpositionsof eachaction



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

segmert is sentto low-level HiddenMarkov Models(HMMs) to recogrize the motion
type.Then motiontypesareusedasobsenationsof high-level discreteHMMs whose
outpu will bememgedwith themocels of otherHMMs running in parallel.

We now give a brief descriptionof the methal for motion typerecogition. Further
informationcanbe obtainedfrom [10]. The six actionswe soudt to recogfize in our
expelimentswere:“picking up”, “placing’, “holding”, “lining up”, “stapling” and“un-
scraving”. We modeleachactionasaforward-chainirg continnousHMM plusaHMM
for any othermotiors. EachHMM consistof 6 statesgachof which canjumpto itself
andthe next two forward-chainirg statesGivena sequene of featurevectos extraded
from hard positions,we determire which HMM mostlikely geneatesthoseobsenra-
tionsby calculatingthelog-probability of eachHMM andpicking themaximum.

High-level HMMs mocel the probabilistic sequenesof motion typesin different
tasks.The outpus of low-level HMMs, motiontypes,areusedasthe obsenation se-
quercesof hightlevel HMMs, eachof whichis compsedof 5 hiddenstatesThestates
andtransitionprolabilities are deternined by the Baum-Welch algorithm during the
HMM trainingprocess.
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Fig. 3. The hierarchical HMM for action recognitionconsistsof the low-level HMMs for mo-
tion typesandthe high-level HMMs for modelingthe sequenesof motiontypesin tasks.

4.3 Integration of Eye and Hand MovementsUsing PaHMMs

PaHMMs werefirst suggestedby Bourlardand Dupat[11] in subbanebasedspeech
recoqition. They dividedthespeectsignalsinto subbadsthatweremodeledindepen
dently The outpus of sublandswerethenmeigedto eliminateunreliable partsof the



speectsignal. Vogler and Metaxas[ 2] first introducedPaHMMs in the computer vi-
sionfield. They developedPaHMMsto modeltwo handmaovementdor AmericanSign
LangwageRecognition

PaHMMs mockl C processewith C independet HMMs with separat®utput.The
HMMs for theseparatproessesaretrainedindegpendetly to deterninetheparaneters
of eachHMM. In therecoqition phasejt is necessaryo integrate information from
the HMMs represeting different processesUsing the likelihood-baedcriterion, we
wantto pick themodel M * maximizing:

max logP(Oy, ...,Oc|MFE, ..., ME) 1)

wherethekth PaHMM consistof M ¥, ..., Mk, eachof whichisaHMM. Oy, ..., O¢
areobsenation sequenes.Sinceeachprocesss supposedo beindepadentto others,
we canrepesentequationl as

maleog (@ |M’°)) (2
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movement model
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Fig. 4. Parallel HMMs : Thestream®f body movemeris areprocesseth parallelandintegrated
to yield globalscoresanda global recognitiondecision.

Figure 4 shavs the approachto integrateeye andhandmovementsin the meiging
state the probabilities of individual HMMs arecombinel to yield globalscoresWhen
outpus arelinearly combired, the expectederra will decreasehothin theoryandin
practice Therefae,thecombirationstratgy usedhereis thelinearweightedaverage:

Zw,log (0:|MF)) 3)

wherew; € [0,1] is afixedwe|ghtfor eachstreamw; reflectsthe extentto which
the streamcontairs featuresthat are usefulfor recogition. The weightingfactorsare
compuedby usingmaximum lik elihoodfrom thetrainingdata.

5 Experiments

A Polhems 3D tracker was utilized to acqure 6-DOF handand headpositionsat
40H z. The performerwore a headmourted eye tracker from Applied SciencelLab-
oratoies(ASL). Theheadbandof the ASL holdsa miniature“scene-carara”to theleft
of theperformers headthatprovidesthevideoof thescendrom afirst-persomperspe-
tive. The video signalsare sampledat the resolutionof 320 columrs by 240 rows of
pixels at the frequeng of 15H z. The gazepositiors on the imageplanearerepoted



Fig.5. Snapshts of threecontinuous action sequenesin our experiments.Top row: Pouring
water Middle row: Staplinga letter Bottom row: Unscraving ajar.

atthefrequeng/ of 0Hz. Beforecompuing featurevectas for HMMs, all position
signalspassthrowgh a 6th order Butterworth filter with cut-df frequency of 5H z.

In this study we limited the possibletasksto thoseon a table. The threetaskswe
souglt to detectwere:“staplingaletter”, “pouring water” and“unscraving ajar”. Fig-
ure 5 shavs snapshts captued from the headmourted camerawhena subjectper
formed threetasks.We collected108 actionsequenes,36 for eachtask. Thefirst 18
sequenesof eachtaskareusedfor trainingandtherestfor testing.

Theresultsof taskrecogition areshavn in Figure6. To evaluatethe perfomance
of PaHMMs, we alsotestthe recogition ratesof usingobjectsequene HMMs and
handHMMs individually. PaHMMs provide a clear adventagecompredwith other
appr@ches.We also note that object sequene HMMs outperbrm hand movement
HMMs. This demastrateshattempaal objed sequencesnplicitly indicatethe per
former’s focus of attentionduring actionexecuion andprovide importantinformation
for machne uncerstandingf humanbehaior.

6 Conclusion

Thispaperdescribes novel methodo recogiizehumanbehaiorsin naturaltasks.The
apprachis uniquein thatthecoordnationof eye, headandhandmovementss utilized
for taskrecogtition. The integration of multistreambody movemerts is achieved by
PaHMMs, in which differentstream=f body movementsareproessedn paralleland
integratedat theendpointof atask.Theadwartagesof this methal aretwofold. Firstly,
themovementsequenceof differentbodypartsarenotrestrictedo the samesampling
rateandtheundelying HMMs associateavith individual sequenesdo notnecessarily
have the sametopolagy. Secondly meiging different soucesof body movementscan
improvetherecogition ratein theway thatpossiblyoccuring noisein onestreandoes
not degrade the performarce so muchsinceotherunorrupted streamsyield sufiicient
informationfor recogiition.

We areinterestedn learnirg more comgicatedactionsin natual tasks.For future
work, we will build alibrary of addition# actionunits,like phanemesn speectrecog



Fig. 6. Left table: the resultsof taskrecognition.Right plot: pertasksequencéog likelihood.
The sequenesare sortedfor easeof comparisonThe left third representhe task of “pouring
water”, the middle third representhetaskof “stapling a letter”, andtheright third representhe
taskof “unscraving ajar”.

nition. As a result,whena performerworks on differentkinds of tasksover extendel
duratims(e.g.over the courseof anhou), the systemcouldlearnto recaynize newly
encounteredactiors andtaskswithout humaninvolvement.
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