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Abstract

This paperpresentsan approach for view-basedrecog-
nition of gestures. Theapproach is basedon representing
each gestureasa sequenceof learnedbodyposes.Theges-
turesare recognizedthrougha probabilistic framework for
matching thesebodyposesandfor imposingtemporal con-
strainsbetweendifferentposes.Matching individual poses
to image data is performedusinga probabilistic formula-
tion for edge matching to obtaina likelihoodmeasurement
for each individual pose. Thepaperintroducesa weighted
matching schemefor edge templatesthat emphasizedis-
criminating features in the matching. Theweightingdoes
not require establishingcorrespondencesbetweenthe dif-
ferent posemodels. Theprobabilistic framework also im-
posestemporal constrainsbetweendifferentposethrougha
learnedHiddenMarkov Model(HMM) for each gesture.

1 Intr oduction

The recognitionof humangestureshasmany applica-
tions in humancomputerinteraction,virtual reality andin
robotics.Differentapproacheshavebeenproposedrecently
for gesturerecognition.Theseapproachescanbeclassi�ed
into threemajorcategories:modelbased,appearancebased
andmotion based. Model basedapproachesfocus on re-
coveringthree-dimensionalmodelparametersof articulated
bodyparts[13, 4]. Appearancebasedapproachesusestwo
dimensionalinformationsuchasgrayscaleimagesor body
silhouettesandedges.In contrast,motionbasedapproaches
attemptto recognizethe gesturedirectly from the motion
withoutany structuralinformationaboutthephysicalbody,
for example[1]. In all theseapproaches,thetemporalprop-
ertiesof the gestureare typically handledusingDynamic
TimeWarping(DTW) or statisticallyusingHiddenMarkov
Models(HMM).

Ourobjective is to recognizearmgesturesperformedby
ahumanstandingatadistancefrom thecamera.Thismight
beto operatea robotor a vehicledrivenby a robotor gen-

erally to control an environmentusinggestures.This pa-
perpresentsanapproachfor view-basedrecognitionof ges-
tures. The approachis basedon representingeachgesture
asa sequenceof learnedbodyposesthroughaprobabilistic
framework for matchingthesebodyposesto thethe image
data. The probabilisticframework also imposestemporal
constrainsbetweendifferent posethrougha learnedHid-
denMarkov Model(HMM) of eachgesture.Matchingindi-
vidual posesis performedusinga probabilisticformulation
for Chamfermatchingto obtaina likelihoodmeasurement
for eachindividual pose.Thepaperintroducesa weighted
matchingschemefor edgetemplatesthat emphasizedis-
criminatingfeaturesin the matching. The weightingdoes
not requireestablishingcorrespondencesbetweenthe dif-
ferentposemodels.

The paperis organizedas follow. Section2 gives an
overview of the proposedsystem. Section3 presentsan
overview aboutthe problemof edgematching. Section4
presentsthe proposedposeclassi�cation approach. Sec-
tion 5 describesthehiddenMarkov modelusedfor gesture
recognition.Section6 illustratessomeexperimentalresults.

2 SystemOverview

Figure1 describesanoverview of theproposedsystem.
Thesystemconsistsof threemodules:Training,Segmenta-
tion andTracking,andGestureRecognition.The training
modulelearnsmodelsfor body poses. It also learnstem-
poral modelsof eachindividual gestureas a sequenceof
the learnedbody posesthrougha Hidden Markov Model
(HMM). Finally the training modulelearnsmodelsof the
activities, i.e, the differentgesturethat canbe recognized
andtheir temporalrelations.Thesegmentationandtracking
modulecontinuouslysegmentandtrackthepersonperform-
ing the gesturefrom the restof the background.The seg-
mentationfrom the backgroundis performedusingcoarse
rangedatathrougha seriesof plane�tting to therangedata
and a rule basedsystemto determinewhich planein the
rangecorrespondsto the person. The rangedatais regis-
teredto thevideodata,thereforelocatingthepersonin the



Figure 1. System Overview
rangeimagelocatesthepersonin thevideodata.Sincethe
segmentationis performedusinga very coarserangedata,
theoutputof this moduleis just the locationof theperson
in theimageasarectangle.Thequalityof therangedata,in
termsof accuracy, is not enoughto provide �ne silhouette
segmentationor to do gesturerecognition.For anexample
of thequalityof theresultof thesegmentation,see�gure 7.
The systemis supposedto be mountedon a moving vehi-
cle; thereforethepersonis continuouslytrackedin boththe
rangeandthevideoto providethecontext informationnec-
essaryfor therecognitionmodule.

Thegesturerecognitionmoduleusesonly thevideodata.
It matcheslearnedsilhouettemodelsthroughcoarseto �ne
searcharoundthepersonlocation,providedby thesegmen-
tation and tracking module, to register the learnedposes
to the video data. The recognitionmodule,then,matches
all learnedposemodelsto eachnew imageto obtainpose
probabilitylikelihoods.Thegestureclassi�cationpartuses
thelearnedHMM of eachgestureto imposetemporalcon-
strainson thebodyposesandthereforedeterminetheges-
ture class. The gesturerecognitionmodulealso usesan
HMM activity model to determinethe beginning and the
endof eachgesture(gesturesegmentation).

3 EdgeMatching: Background

Theproblemof matchingafeaturetemplatecorrespond-
ing to anobjectto an imageis a classicalproblemin com-
puter vision with many applicationsfor object detection,
recognitionandtracking. The objective is to matcha fea-
ture template, � , which is a �nite set of featurepoints
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This problemis hardfor many reasons.Theoccurrence

of the object in the imageundergoesdifferent geometric

transformationandthereforethematchingalgorithmhasto
compensatefor thatby searchinga transformationspaceto
achieve thebestmatch.Also, the imagetypically contains
otherfeaturesfrom theclutteredbackground,otherobjects
in thesceneandnoise.Theobjectitself might beoccluded
or someof the featuresarenot detectedandthereforethe
matchingalgorithmhasto be robust to thesemissingfea-
tures. The problembecomeseven harderif the object is
non-rigidand/orcontainsarticulatedparts,for example,the
caseof humanswhich is consideredin this paper.

Figure 2. Distance Transf orm

The distancetransform,DT, hasbeenusedin matching
edgefeature(andotherfeature)templates.Given a setof
features,� , detectedin animage � , thedistancetransform,
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, is de�ned to bethedistanceto thenearest
featurepoint in theimage,i.e.,
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where* is ametric.Typically theEuclideandistanceisused
for themetric * andin thiscasethefunction
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de�nesthe
Voronoisurfaceof � [6]. Thedistancetransformis de�ned
with respectto asetof binaryfeatureof thesametype,e.g.,
edgesor corners.
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����� , where �43 's arethe
locationsof the templatefeaturestransformedinto the im-
agespacethroughtranslation,rotation,scalingor otherge-
ometric transformations,the matchingcanbe achieved by
averagingthedistancetransformvaluesateachtransformed
templatefeature location �
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This form of matching is called Chamfermatchingand
the distance5
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is calledthe Chamferdistance.The
smaller this matchingscore,the better the matchand an
ideal matchwill have the value 0 wherethe templateex-
actly lie over its correspondingimagelocation. Chamfer
distancehasbeenusedextensively in objectdetection,for
examplein [3]. NotethatChamfermatchingis asymmetric
(model to image)so additionalfeaturesin the imagewill
not contributeto thematching.Figure2 shows anexample
of animageandthedetectededgefeaturesandthedistance
transformedimageaccordingto thesefeatures.

In [2] thematchingwasgeneralizedto includemultiple
featuretypes, (for example,orientededges)by matching



Figure 3. Example bod y poses from two diff erent Gesture

eachindividual featuretemplatewith its correspondingdis-
tancetransformedimageandcombiningthe results. Also
the matchingwasgeneralizedin [2, 3] to matchmultiple
templatesthroughahierarchicaltemplatestructure.

Another metric of similarity betweenthe transformed
template� andtheimagefeatures� is thedirectHausdorff
distance[6] =
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The function =
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simply �nds the nearestpoint in �

for eachtemplatepoint � andthereafter=
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themostmismatchin thebestmatchbetweenthetemplate

� andtheimagefeatures� . Therefore,thesmallerthedis-
tance=
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thebetterthematch.Obviously, thisdistance
is also not symmetric. Direct Hausdorff distancecan be
computedusingthedistancetransformwhere =
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SinceHausdorff distanceis de�ned basedon the worst
mismatch,it is very sensitive to outliers. Any missingfea-
ture in the image(occludedor not detected)canaffect the
distancedramatically. Thereforea morerobustmeasureis
introducedin [6] andis calledthepartialHausdorff measure
andis de�ned by
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Several extensionshave beenproposedto matchingus-
ingHausdorff distance.Thisincludes,but arenotlimited to,
matchingorientededgepixels[10]. Also aprobabilisticfor-
mulationof Hausdorff matchingwasintroducedin [9, 11].
Anotherextensionis theuseof Eigenspacesto approximate
theHausdorff distanceaswasintroducedin [7, 5]

4 PoseClassi�cation

4.1 PoseLik elihood

We representeachgestureasa sequenceof bodyposes.
Thetemporalrelationbetweenthesebodyposesis enforced

Figure 4. Pose template registered to an im­
age

by a hiddenMarkov model, as will be presentedin sec-
tion 5. This sectionfocuseson matchingindividual body
poses.The objective is to evaluateall differentbody pose
modelswith respectto eachnew framein orderto obtaina
probabilityestimatefor eachof theseposes.

Let UV�W��XZY��-[Q�

8
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\]� be the setof all learned
bodyposesfor all thegesturesto berecognized.Eachpose

X

Y

is representedas an edgetemplate,i.e., eachposeis
representedasa �nite setof edgefeaturelocations

X

Y

�/�

�

Y

	

�

�

Y




���������

�

Y

^`_
���

wherea

Y

is thenumberof edgefeaturesfor posetemplate
[ . Figure 3 shows exampleposetemplatesfor two dif-
ferentgestures.All the posesareregisteredto eachother
during the learningso registeringoneposeto any new im-
agewill thereforeregistertherestof theposes.Registering
theseposesto the imagesis donewhile the personis not
performingany gesture(idle). In this casethematchingis
performedusingan idle pose(shown in �gure 3, �rst pose
on top) througha coarseto �ne search.Figure4 shows the
registeredposesto a new frame.

At eachnew image, � , it is desiredto �nd a probabilis-
tic matchingscorefor eachpose. Let

�b�7� �!�

be the dis-
tancetransformedimagegiventhesetof edgefeatures,� ,
detectedat image � . For eachedgefeature,
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is thedistance
to the nearestedgefeaturein the image. A perfectmodel
to imagematchwill have 5

Y

3

�Vc for all modeledgefea-
tures. Let's considerthe randomvariableassociatedwith



this distancemeasurement,andlet theassociatedprobabil-
ity densityfunction(PDF)be d

Y

3

. Weassumethattheseran-
dom variableare independent.This assumptionwasused
in [9, 11] basedon theresultsobtainedin [10]. Therefore,
the likelihood function (the probability of the observation
giventhemodel X

Y

) canbede�ned astheproductof these
PDFsas
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Since different templateshave different numbersof fea-
tures,this likelihoodequationneedsto benormalizedusing
thenumberof featuresin eachmodel,a

Y

. Takingtheloga-
rithm of thisequationweobtainthelog-likelihoodfunction
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If all the posesare assumedto be equiprobable,then the
modelprobabilitygiventheobservationis proportionto the
likelihood, i.e., f
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. Thereforewe can
usethis likelihoodfunctionto evaluatedifferentmodels.

The PDF d
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for the distancebetweenmodel features
andnearestimagefeaturelocationis de�ned for eachfea-
ture q in eachposemodel [ . We usea PDFof theform
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Thescaleparameteru Y

3

is de�ned for eachpose[ andeach
featureq . The motivationbehindthis is thatdifferentvari-
ations(or uncertainty)areexpectedat differentmodelfea-
tures;for example,theedgescorrespondingto thehandare
expectedto have morevariationsin locationthantheupper
arm or the shoulderlocation. Thesevariationsarelearned
during the learningof theposemodels.Sincethedistance

5 canbecomearbitrarylarge, the probability canbecome
very smallandthereforetheconstantr

	 is usedasa lower
boundon theprobability. This makesthe likelihoodfunc-
tion robust to outliers. A similar PDF wasusedin [9] but
with thesamescalevariableu for all thefeatures.

Thisprobabilisticformulationwas�rst introducedin [9]
andwasusedin a Hausdorff matchingcontext to �nd the
best transformationof an edgetemplateusing maximum
likelihoodestimation. Equation2 representsa probabilis-
tic formulation of Chamfermatchingas de�ned in equa-
tion 1. We usethisprobabilisticformulationto evaluatethe
observation likelihoodgiven eachgesturestateas will be
describedin section5

4.2 weightedmatching

Our objective is to matchmultiple posetemplatesto the
sameimagelocationin orderto evaluatethe likelihoodof

the observation given eachof theseposes. Typically, the
differentposetemplatesaresimilar in somepartsanddif-
ferent in anotherpartsin the templates.For example,the
head,torso and bottom partsof the body are likely to be
similar in differentposetemplates,while articulatedbody
partsthatareinvolvedin thegesture,suchasthearm,will
beat differentpositionsat differentposetemplates.For ex-
ample,see�gure 4. Sincethe articulatedpart,suchasthe
arm, is representedby a small numberof featureswith re-
spectto the whole posetemplates,the matchingis likely
to bebiasedby themajorbodyparts. Instead,it is desired
to make the matchingbiasedmoreby articulatedpartsin-
volved in performingthe gesturesincethesepartswill be
morediscriminatingbetweendifferentposestemplates.

To achieve this goal, different weightsare assignedto
different featurepoints in eachposetemplate. Therefore
eachposetemplate,X

Y

, is representedasa setof feature
locationsaswell asa setof weights, �2ƒ
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likelihoodequation2 is thenmodi�ed to beaweightedone
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In ourcase,thesetof all recognizedposesdoesnothave
a commoncorrespondenceframe. For example,somefea-
turesin oneposemight not have correspondingfeaturesin
anotherposes.Also wedonot restricttheposetemplatesto
have thesamenumberof features.Thereforewe drive the
weightswith respectto theimagelocations.

Let X bethesetof all featuresin all registeredposesin
thetrainingdata,i.e.,
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3 is the image location of an edgefeature.
Giventhissampleof edgefeaturelocations,theedgeproba-
bility distribution ,
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(theprobabilityto seeanedgeatcer-
tainimagelocation,
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) canbeestimatedusingkerneldensity
estimation[14] as
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for this
probabilityestimation.

The weight assignedto eachfeaturepoint is basedon
the informationthis featureprovides. Given theestimated
edgeprobability distribution,

Š

,
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, at any imagepixel,
‰

,
the weight for a certainfeatureq at a certainpose [ is the
ratio of the information given by this featureto the total



informationby thatpose,i.e.,

ƒ

Y

3

�

l&m)n

Š

,

���

Y

3

�

„

^�_

•

kT	

l&m)n

Š

,

� �

Y

•

�

5 Gesture classi�cation

5.1 HMM Overview

An HMM consistsof a set U of • distinct states,U‘�

��’B	2�1’2
)���������-’�“”� , representingaMarkov stochasticprocess.
A stochasticprocessis calleda Markov processif thecon-
ditional probability of the currentevent given all the past
eventsdependsonly on the • th mostrecentevents. In par-
ticular, if the currentevent dependsonly on the previous
event then this is called a �rst order Markov processand
theHMM is calleda �rst orderHMM. TheHMM is called
hiddenif the stochasticvariableassociatedwith the states
is notobservable.Instead,theobservationis a probabilistic
functionof thestate.For an overview of HMMs andtheir
applicationsin speechrecognitionreferto [12]. We usethe
samenotationasin this paper.

HMM' s have beenusedextensively in gesturerecogni-
tion. They wereusedin [15] for AmericanSignLanguage
recognition(ASL) by tracking the handsbasedon color.
In [17, 16] HMM' swerealsousedfor ASL basedonshape
andmotion parameters.In [8] HMM' s wereusedto track
headgestures.In [18] a parametricHMM wasintroduced
to modelparametricgestures.

Generally, anHMM is de�ned asthestates,U , thetran-
sition probabilitiesbetweenthe states,–—�˜�2™
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5.2 GestureHMM

Figure 5. Left­Right HMM

We representeachgesture¢ by a set of posesf¤£‘�

��X
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�������¦�-\]� andanHMM , §

£ , wherethehidden
statescorrespondto the progressof the gesturewith time.
TheHMM elementsareasfollows:

1. A setof • statesUV�—�B’B	��1’2
)�������¦�1’2“”� . We use ›

C

to denotethestateat time � . Note that thenumberof
statesis notnecessarilythesameasthenumberof pose
models,\ , i.e., eachstatedoesnot necessarilyrepre-
sentonepose.Instead,onestatecanrepresenta mix-
tureof posemodels.

2. The statetransition probabilities –¨�©��™ 3
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a left-right modelor a Bakismodel[12] asin �gure 5
sincetheprogressof thegestureis alwaysforward in
time.

3. The initial statedistribution
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The actualobservation
 

C is the detectededgefeatures
at eachnew frame,which is a probabilisticfunctionof the
currentstateof the gesture.This probabilisticfunction is
de�ned usingthe setof recognizedposesf £ . That is, the
observationprobabilitygiventhestatecanbewrittenas
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Given the de�nition of the variables® above, this canbe
rewrittenas
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We can think of the set of posesfI£ as a set of discrete
symbolsor an alphabetthat is beingemittedby thediffer-
entstates,but theactualobservationis a probabilisticfunc-
tion of thesesymbolsbasedon the mixture de�ned by the
variables® . Theobservationprobabilitiesgiventheposes,
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, are obtainedusing the likelihood equations2
and3 aswasdescribedin section4

Given a set of observations
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D and
given a set of HMM models §

£ correspondingto differ-
entgesture,theobjective is to determinetheprobabilityof
this observation sequencegiven eachof the models,i.e.,
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can be solved ef�ciently through a procedurecalled the
Forward-Backwardprocedure[12]. This procedurede�nes
a set of forward variables ±
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by:
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theobservationlikelihoodcanbecalculatedas
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Figure 6. Gesture classi�cation results

6 Experimental Results

The proposedapproachwasusedto classify eight arm
gestures.Basically, theeightrecognizedgesturesaresimi-
lar to theonesshown in �gure 4, performedwith botharms,
in upward motion anddownwardmotion. Figure7 shows
thesegmentationresultsobtainedfrom therangedata.The
imageis colorcodedsothateach�tted planehasadifferent
graylevel andthe segmentedpersonis labeledwhite. Fig-
ure 8 shows someposeclassi�cation resultsfor different
people.The�gures shows theposewith thehighestlikeli-
hoodscoreoverlaidover theoriginal image.

Figure 7. Segmentation result

Figure 6 shows the gesturelikelihood probabilitiesfor
theeightgestureclasses.As canbenoticedfrom thegraphs,
All thegestureswereclosein likelihoodat thebeginningof
theactionbut asthegestureprogresseswith time, thelike-
lihood of theright gestureincreases,andthethelikelihood
of the other gesturedecreasesas a result of the temporal
constrainsimposedby theHMM for eachgesture.

7 Conclusions

The paperpresentedan approachfor view-basedarm
gesturerecognitionbasedon a probabilisticframework for
posematching.Any gestureis representedby asequenceof

learnedbody poseswherethe temporalrelationis learned
through a Hidden Markov Model. Individual posesare
matchedto the imagedatathrougha probabilisticformu-
lation of Chamferdistancethat yields a probability likeli-
hoodestimationfor eachposethat is feededto the HMM
to performthe gesturerecognition. A weightedmatching
schemewas introducedin the paperto enablematching
multiple posesin a way thatemphasizesthediscriminating
featuresfor eachpose. Experimentalresultswere shown
wherethe proposedapproachwasusedto recognizeeight
differenthandgestures.
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