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Abstract

This paper presentsan appoad for view-basedrecay-
nition of gestues. The appmad is basedon representing
ead gestue asa sequenceflearnedbodyposesTheges-
turesare recaynizedthrougha probabilistic framework for
matding thesebodyposesandfor imposingtempoal con-
strains betweerdifferentposes.Matching individual poses
to image datais performedusinga probabilistic formula-
tion for edge matding to obtaina likelihoodmeasuement
for eadh individual pose Thepaperintroducesa weighted
matding schemefor edge templatesthat emphasizedis-
criminating featuresin the matcing. Theweightingdoes
not require establishingcorrespondencebetweerthe dif-
ferent posemodels. The probabilistic framewvork also im-
posegempogl constainsbetweerdifferentposethrougha
learnedHiddenMarkov Model (HMM) for eact gestue.

1 Intr oduction

The recognitionof humangestureshasmary applica-
tionsin humancomputerinteraction,virtual reality andin
robotics.Differentapproachebave beenproposedecently
for gesturerecognition.Theseapproachesanbeclassi ed
into threemajorcateggories:modelbasedappearancbased
and motion based. Model basedapproachegocus on re-
coveringthree-dimensionahodelparametersf articulated
bodyparts[13, 4]. Appearancéasedapproachesisestwo
dimensionalnformationsuchasgray scaleimagesor body
silhouettesandedgesIn contrastmotionbasedapproaches
attemptto recognizethe gesturedirectly from the motion
withoutary structuralinformationaboutthe physicalbody,
for example[1]. In all theseapproacheghetemporalprop-
ertiesof the gestureare typically handledusing Dynamic
Time Warping(DTW) or statisticallyusingHiddenMarkov
Models(HMM).

Our objectiveis to recognizearmgestureperformedby
ahumanstandingat adistancgrom thecameraThis might
beto operatea robotor a vehicledrivenby a robotor gen-

erally to control an ervironmentusing gestures.This pa-
perpresent&napproachor view-basedecognitionof ges-
tures. The approachis basedon representingeachgesture
asasequencef learnedbody poseghroughaprobabilistic
framawork for matchingthesebody posedo thetheimage
data. The probabilisticframeavork alsoimposestemporal
constrainsbetweendifferent posethrough a learnedHid-
denMarkov Model (HMM) of eachgesture Matchingindi-
vidual posesds performedusinga probabilisticformulation
for Chamfermatchingto obtaina likelihood measurement
for eachindividual pose. The paperintroducesa weighted
matchingschemefor edgetemplatesthat emphasizedis-
criminatingfeaturesin the matching. The weightingdoes
not require establishingcorrespondencedsetweenthe dif-
ferentposemodels.

The paperis organizedas follow. Section2 givesan
overview of the proposedsystem. Section3 presentsan
overview aboutthe problemof edgematching. Section4
presentshe proposedposeclassi cation approach. Sec-
tion 5 describeghe hiddenMarkov modelusedfor gesture
recognition.Sectioné illustratessomeexperimentatesults.

2 SystemOverview

Figure 1 describesan overview of the proposedsystem.
The systemconsistsof threemodules:Training, Segmenta-
tion and Tracking, and GestureRecognition. The training
modulelearnsmodelsfor body poses. It alsolearnstem-
poral modelsof eachindividual gestureas a sequencef
the learnedbody posesthrougha Hidden Markov Model
(HMM). Finally the training modulelearnsmodelsof the
actiities, i.e, the differentgesturethat can be recognized
andtheirtemporakelations.The segmentatiorandtracking
modulecontinuouslysegmentandtrackthepersorperform-
ing the gesturefrom the restof the background.The sey-
mentationfrom the backgrounds performedusing coarse
rangedatathrougha seriesof plane tting totherangedata
and a rule basedsystemto determinewhich planein the
rangecorrespondso the person. The rangedatais regis-
teredto the video data,thereforelocatingthe personin the
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Figure 1. System Overview

rangeimagelocatesthe personin the video data. Sincethe
segmentationis performedusinga very coarserangedata,
the outputof this moduleis just the locationof the person
in theimageasarectangle Thequality of therangedata,in
termsof accurag, is not enoughto provide ne silhouette
segmentatioror to do gesturerecognition.For an example
of thequality of theresultof the segmentationsee gure 7.
The systemis supposedo be mountedon a moving vehi-
cle; thereforethe personis continuouslytrackedin boththe
rangeandthevideoto provide the context informationnec-
essanyfor therecognitionmodule.

Thegestureaecognitionmoduleusesonly thevideodata.
It matchedearnedsilhouettemodelsthroughcoarseto ne
searcharoundthe persorlocation,providedby the segmen-
tation and tracking module, to register the learnedposes
to the video data. The recognitionmodule,then, matches
all learnedposemodelsto eachnew imageto obtainpose
probabilitylikelihoods.The gestureclassi cationpartuses
thelearnedHMM of eachgestureto imposetemporalcon-
strainson the body posesandthereforedeterminethe ges-
ture class. The gesturerecognitionmodule also usesan
HMM activity modelto determinethe beginning and the
endof eachgesturg(gestureseggmentation).

Video

3 EdgeMatching: Background

The problemof matchingafeaturetemplatecorrespond-
ing to anobjectto animageis a classicalproblemin com-
puter vision with mary applicationsfor object detection,
recognitionandtracking. The objectie is to matcha fea-
ture template, , which is a nite setof featurepoints

to animage.

This problemis hardfor mary reasons.The occurrence
of the objectin the image undegoesdifferent geometric

transformatiorandthereforethe matchingalgorithmhasto

compensatéor thatby searchinga transformatiorspaceto

achieve the bestmatch. Also, theimagetypically contains
otherfeaturesrom the clutteredbackgroundptherobjects
in the sceneandnoise. The objectitself might be occluded
or someof the featuresare not detectedand thereforethe

matchingalgorithmhasto be robustto thesemissingfea-
tures. The problembecomeseven harderif the objectis

non-rigidand/orcontainsarticulatedparts for example the

caseof humanswhichis consideredn this paper

Figure 2. Distance Transform

The distancetransform,DT, hasbeenusedin matching
edgefeature(and otherfeature)templates.Given a set of
features, , detectedn animage , thedistanceransform,

, atpixel ,isde nedtobethedistanceo thenearest
featurepointin theimage,i.e.,

where isametric. Typically theEuclideandistancéds used
forthemetric andin thiscasethefunction de nesthe
Voronoisurfaceof [6]. Thedistanceransformis de ned
with respecto a setof binaryfeatureof thesametype,e.g.,
edgesor corners.

Givenatemplate , Where 'sarethe
locationsof the templatefeaturestransformednto the im-
agespacethroughtranslation rotation,scalingor otherge-
ometrictransformationsthe matchingcanbe achieved by
averagingthedistancdransfornvaluesateachtransformed
templatefeaturelocation , i.e., the matching
scoreis

- (1)

This form of matchingis called Chamfermatchingand
the distance is calledthe Chamferdistance.The
smallerthis matchingscore, the betterthe matchand an
ideal matchwill have the value 0 wherethe templateex-
actly lie over its correspondingmagelocation. Chamfer
distancehasbeenusedextensvely in objectdetection for
examplein [3]. NotethatChamfemmatchingis asymmetric
(modelto image)so additionalfeaturesin the imagewill
not contribute to the matching.Figure2 shovs anexample
of animageandthe detectededgefeaturesandthedistance
transformedmageaccordingto thesefeatures.

In [2] the matchingwasgeneralizedo includemultiple
featuretypes, (for example, orientededges)by matching
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Figure 3. Example body poses from two diff erent Gesture

eachindividualfeaturetemplatewith its correspondinglis-
tancetransformedmageand combiningthe results. Also
the matchingwas generalizedn [2, 3] to matchmultiple
templateghrougha hierarchicatemplatestructure.

Another metric of similarity betweenthe transformed
template andtheimagefeatures isthedirectHausdorf
distancq6] de ned by

The function simply nds the nearestpoint in
for eachtemplatepoint andthereafter de nesthe
farthestof thesedistancesln otherwords, de nes

the mostmismatchin the bestmatchbetweenthe template

andtheimagefeatures . Thereforethe smallerthedis-
tance thebetterthematch.Obviously, thisdistance
is also not symmetric. Direct Hausdorf distancecan be
computedusingthe distancetransformwhere can
berewrittenin termsof as

SinceHausdorf distanceis de ned basedon the worst
mismatchjt is very sensitve to outliers. Any missingfea-
ture in theimage (occludedor not detected)canaffect the
distancedramatically Thereforea morerobust measurds
introducedn [6] andis calledthepartialHausdorf measure
andis de ned by

Several extensionshave beenproposedo matchingus-
ing Hausdorf distance Thisincludes put arenotlimited to,
matchingorientededgepixels[10]. Also aprobabilisticfor-
mulationof Hausdorf matchingwasintroducedin [9, 11].
Anotherextensionis the useof Eigenspacet approximate
theHausdorf distanceaswasintroducedn [7, 5]

4 PoseClassi cation
4.1 Poselik elihood

We represeneachgestureasa sequencef body poses.
Thetemporalrelationbetweerthesebodyposeds enforced

Figure 4. Pose template registered to an im-
age

by a hidden Markov model, aswill be presentedn sec-
tion 5. This sectionfocuseson matchingindividual body
poses.The objective is to evaluateall differentbody pose
modelswith respecto eachnew framein orderto obtaina
probability estimatefor eachof theseposes.
Let be the setof all learned
bodyposedor all the gestureso berecognizedEachpose
is representeds an edgetemplate,i.e., eachposeis
representedsa nite setof edgefeaturelocations

where isthenumberof edgefeaturedor posetemplate

Figure 3 shovs example posetemplatesfor two dif-
ferentgestures.All the posesareregisteredto eachother
duringthe learningso registeringone poseto ary new im-
agewill thereforeregistertherestof the posesRegistering
theseposesto the imagesis donewhile the personis not
performingany gesture(idle). In this casethe matchingis
performedusinganidle pose(shavnin gure 3, rst pose
ontop) througha coarseo ne search.Figure4 shovsthe
registeredposedo anew frame.

At eachnew image, , it is desiredto nd a probabilis-
tic matchingscorefor eachpose. Let be the dis-
tancetransformedmagegiventhe setof edgefeatures,
detectedat image . For eachedgefeature, , in pose
model , themeasurement is the distance
to the nearesedgefeaturein theimage. A perfectmodel
to imagematchwill have for all modeledgefea-
tures. Let's considerthe randomvariableassociatedvith



this distancemeasuremengndlet the associategrobabil-
ity densityfunction(PDF)be . Weassumehattheseran-
dom variableareindependent.This assumptiorwas used
in [9, 11] basedon the resultsobtainedin [10]. Therefore,
the likelihood function (the probability of the obsenation
giventhemodel ) canbede ned astheproductof these
PDFsas

Since different templateshave different numbersof fea-
tures thislikelihoodequatiomeedgo benormalizedusing
thenumberof featuresn eachmodel, . Takingtheloga-
rithm of this equationwe obtainthelog-likelihoodfunction

— (@)

If all the posesare assumedo be equiprobablethenthe
modelprobabilitygiventhe obsenationis proportionto the
likelihood,i.e., . Thereforewe can
usethis likelihoodfunctionto evaluatedifferentmodels.

The PDF for the distancebetweenmodelfeatures
andnearesimagefeaturelocationis de ned for eachfea-
ture in eachposemodel . We usea PDFof theform

Thescaleparameter is de nedfor eachpose andeach
feature . The motivationbehindthis is that differentvari-
ations(or uncertainty)are expectedat differentmodelfea-
tures;for example the edgescorrespondingo the handare
expectedto have morevariationsin locationthanthe upper
arm or the shoulderocation. Thesevariationsarelearned
duringthe learningof the posemodels. Sincethe distance

canbecomearbitrarylarge, the probability canbecome
very smallandthereforethe constant is usedasa lower
boundon the probability. This makesthe likelihoodfunc-
tion robustto outliers. A similar PDF wasusedin [9] but
with the samescalevariable for all thefeatures.

This probabilisticformulationwas rst introducedn [9]
andwasusedin a Hausdorf matchingcontext to nd the
besttransformationof an edgetemplateusing maximum
likelihood estimation. Equation2 represents probabilis-
tic formulation of Chamfermatchingas de ned in equa-
tion 1. We usethis probabilisticformulationto evaluatethe
obsenation likelihood given eachgesturestateas will be
describedn section5

4.2 weightedmatching

Our objectie is to matchmultiple posetemplatedo the
sameimagelocationin orderto evaluatethe lik elihood of

the obsenation given eachof theseposes. Typically, the
differentposetemplatesare similar in somepartsand dif-
ferentin anotherpartsin the templates. For example,the
head,torso and bottom parts of the body arelikely to be
similar in differentposetemplateswhile articulatedbody
partsthatareinvolvedin the gesture suchasthe arm, will
be at differentpositionsat differentposetemplatesFor ex-
ample,see gure 4. Sincethe articulatedpart, suchasthe
arm, is representedby a small numberof featureswith re-
spectto the whole posetemplatesthe matchingis likely
to be biasedby the major body parts. Instead,t is desired
to make the matchingbiasedmore by articulatedpartsin-
volvedin performingthe gesturesincethesepartswill be
morediscriminatingbetweerdifferentposegemplates.

To achieve this goal, differentweightsare assignedo
differentfeaturepointsin eachposetemplate. Therefore
eachposetemplate, , is represente@sa setof feature
locationsaswell asa setof weights, ,

correspondingo eachfeaturewhere . The
likelihoodequation? is thenmodi ed to beaweightedone

(3)

In our casethesetof all recognizegosedoesnothave
a commoncorrespondenciame. For example,somefea-
turesin oneposemight not have correspondindeaturesn
anotheiposesAlso we do notrestrictthe posetemplatego
have the samenumberof features.Thereforewe drive the
weightswith respecto theimagelocations.

Let bethesetof all featuredsn all registeredposesn
thetrainingdata,i.e.,

whereeach is the imagelocation of an edgefeature.
Giventhis sampleof edgefeaturelocations theedgeproba-
bility distribution (theprobabilityto seeanedgeatcer
tainimagelocation, ) canbeestimatedisingkerneldensity
estimation14] as

Where is akernelfunctionwith a scalevariable . We
useda Gaussiarkernel — for this
probability estimation.

The weight assignedo eachfeaturepoint is basedon
the informationthis featureprovides. Giventhe estimated
edgeprobability distribution, , at ary imagepixel, ,
the weightfor a certainfeature ata certainpose is the
ratio of the information given by this featureto the total



informationby thatpose;.e.,

5 Gesture classi cation
5.1 HMM Overview

An HMM consistsof aset of  distinctstates,
, representingMarkov stochastiprocess.
A stochastigrocesss calleda Markov processf the con-
ditional probability of the currentevent given all the past
eventsdependnly onthe th mostrecentevents.In par
ticular, if the currentevent dependsonly on the previous
eventthenthis is calleda rst order Markov processand
theHMM is calleda rst orderHMM. TheHMM is called
hiddenif the stochasticvariableassociatedvith the states
is notobsenable.Insteadthe obsenationis a probabilistic
function of the state. For an overview of HMMs andtheir
applicationsgn speectrecognitionreferto [12]. We usethe
samenotationasin this paper
HMM' s have beenusedextensiely in gesturerecogni-
tion. They wereusedin [15] for AmericanSign Language
recognition(ASL) by tracking the handsbasedon color.
In [17, 16] HMM' swerealsousedfor ASL basedn shape
andmotion parametersin [8] HMM' s were usedto track
headgestures.In [18] a parametricHMM wasintroduced
to modelparametrigyestures.
GenerallyanHMM is de ned asthe states, , thetran-
sition probabilitiesbetweenthe states, where
where s thestateattime ,
andtheinitial statedistribution where
Finally, theobsenationprobabilitygiventhestates

5.2 Gesture HMM

Figure 5. Left-Right HMM

We representachgesture by a set of poses
andanHMM , |, wherethehidden
statescorrespondo the progressof the gesturewith time.
TheHMM elementsareasfollows:

1. A setof  states . We use
to denotethe stateat time . Note thatthe numberof
statesgs notnecessarilghesameasthenumberof pose
models, ,i.e.,eachstatedoesnot necessarilyepre-
sentonepose. Insteadonestatecanrepresena mix-
ture of posemodels.

where
. We use
aleft-right modelor a Bakismodel[12] asin gure 5
sincethe progresof the gestures alwaysforwardin
time.

2. The statetransition probabilities

3. Theinitial statedistribution where

4. Theprobabilityof eachpose  giventhestates,

The actualobsenation s the detectededgefeatures
at eachnew frame,which is a probabilisticfunction of the
currentstateof the gesture. This probabilisticfunction is
de ned usingthe setof recognizedposes . Thatis, the
obsenationprobability giventhe statecanbewritten as

Giventhe de nition of the variables above, this canbe
rewritten as

We canthink of the setof poses asa setof discrete
symbolsor an alphabethatis beingemittedby the differ-
entstatesput the actualobsenationis a probabilisticfunc-
tion of thesesymbolsbasedon the mixture de ned by the
variables . The obsenationprobabilitiesgiventhe poses,
, are obtainedusing the likelihood equations2
and3 aswasdescribedn sectiord
Given a set of obsenations and
given a setof HMM models  correspondingo differ-
entgesturethe objective is to determinethe probability of
this obsenation sequenceagiven eachof the models,i.e.,
. This is a traditional problemfor HMM and
can be solved efciently througha procedurecalled the
Forward-Backvardprocedurg12]. This procedurele nes
a setof forward variables
which canbe updatedrecursvely at eachtime step

by:

where . Giventheseforward variables,
theobsenrationlikelihoodcanbe calculatedas



HMM results

=

T T T T T T T T T
—— gesture cl
|| —— gesture cr
—+— gesture dl
~©- gesture dr
x- gesture el
gesture er
+- gesture fl
O gesture fr

o
©

o
©

o
3

o
=)

Gesture Likelihood
o o o o
N w » (8]

o
=

o

» pO
o KO

Q
X
8

o

Frames

Figure 6. Gesture

6 Experimental Results

The proposedapproachwas usedto classify eightarm
gesturesBasically the eightrecognizedyesturesare simi-
lartotheonesshavnin gure 4, performedwith botharms,
in upward motion and downward motion. Figure?7 showns
the sggmentatiorresultsobtainedirom therangedata. The
imageis colorcodedsothateachtted planehasadifferent
graylevel andthe sgmentedpersonis labeledwhite. Fig-
ure 8 shavs someposeclassi cation resultsfor different
people.The gures shows the posewith the highestlik eli-
hoodscoreoverlaidovertheoriginalimage.

Gesture Likelihood

HMM results
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Figure 7. Segmentation result

Figure 6 shows the gesturelik elihood probabilitiesfor
theeightgestureclassesAs canbenoticedfrom thegraphs,
All thegesturesvereclosein likelihoodatthe beginningof
theactionbut asthe gestureprogressewith time, thelik e-
lihood of theright gestureincreasesandthethelikelihood
of the other gesturedecreasess a result of the temporal
constrainsmposedby theHMM for eachgesture.

7 Conclusions

The paperpresentedan approachfor view-basedarm
gesturerecognitionbasedon a probabilisticframework for
posematching.Any gesturds representetly asequencef

learnedbody poseswherethe temporalrelationis learned
through a Hidden Markov Model. Individual posesare
matchedto the imagedatathrougha probabilisticformu-
lation of Chamferdistancethat yields a probability lik eli-
hood estimationfor eachposethatis feededto the HMM
to performthe gesturerecognition. A weightedmatching
schemewas introducedin the paperto enablematching
multiple posesn a way thatemphasizethe discriminating
featuresfor eachpose. Experimentalresultswere shavn
wherethe proposedapproachwas usedto recognizeeight
differenthandgestures.
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