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Abstract

The articulae motion of the handmalesit very difficult to track the hards
while perorming a gesture. Simultan®ustracking of both hang needsto
dealwith large interframevariationsin shapeclutterandmutual occlusion
In this paper we presenta robust methodfor localizing the handregion by
tracking evenin the presese of severe occlusion. We develop a mockl for
tracking two rectanglarwindows, eachbourding oneof thehand, usingthe
cordensatioralgoithm. We propsea new methodfor dealingwith occlu-
sionsby estimatingthe occluded obsenetions in termsof the non-occluded
obsevationsandtheir predictedvalues yielding very reliableresults.

1 Introduction

Handtracking is anessentiatompmentof gesturerecanition systemsandhapticinter
facedfor virtual reality ervironmeris asmentioredin [1]. Signlanguae recogition and
telerobaic applicatiors alsorequirea handtracker. Multi-modal interfacesthat provide
naturd humancomputerinteraction aswell asa hostof otherapplicatiors suchasrobot
progammirg by demorstration[2].

Various appioachego handtrackinghave beenuseduntil now by researchrs. Rehg
andKanack [3] describea handtracker usinga 3D mocel of the handwith 27 degreesof
freedan. Theline featuresproducedby fingess in grey-scaleimageswithout any back-
grownd clutterareusedasfeatue measurments.Goncaleset al. [4] usea 3D modelof
thearmwith sevenparaneters.Usingasinglecamerathey trackthehumanarmagainsia
darkunclutteedbackgoundwith the helpof arecursve estimator Gavrila andDavis [5]
usea 3D modelwith 22 degreesof freecbm for thewholebodywith 4 degreesof freedan

for eacharm. They usemultiple camera to recover the 3D body poseat eachtime step.

Obtainingtheparanetersof elaborate8D modelsusingcomputervisiontechriquesbeing
quitecompex, suchsystemsave avoidedissuesof clutterin natual environmerts.
Deformable planarcontous, known as snales, coupledwith the Kalman filtering
framawork canbe usedfor trackingnon-iigid objectslike handg6]. In [7], animproved
versionof the Kalman snale is usedfor trackingthe handwhich usesopticalflow to

detectandrejectimage measuementscorrespondig to imageclutter or otherobjects.

83

BMVC 2001 doi:10.5244/C.15.10



IsardandBlake [8] introduced a statisticalfactoredsamplingalgorittm known ascon-
densatiorfor trackingin denseclutter They apgy it to trackhandcontousin acluttered
backgourd. However, contou trackirg techniqes allow only a small subsetof pos-
sible movementsto maintaincontiruousdeformation of contous. This limitation was
overcometo someextentby HeapandHogg[9], who describeanadaptatio of the con-
densatioralgoithm for tracking acrosgiscontinutiesin contaur shapesPossibleshapes
arerepreseted asa union of a setof clustersin a high-dimensiomal shapespaceand
discontiiousshapechangsaredescribedn termsof transitiors betweertheseclusters
usinga learnel Markov mocel. However handcontous, being2D prgectionsof highly
flexible humanhands,assumeoo large a variatian during naturalmotion of the hard to
allow contou tracking.

Recentlysereral appoacheautilizing stereorangng informationhave alsobeenim-
plemerted. Lin [12] presentanalgoithm for trackingthe humanarmusingrangeimage
sequenes. Jennims[13] descrilesa systemfor tracking the 3D positionandorientation
of afingerusingseveral cameras.Trackng is basedon combinirg multiple sourcesof
informationincluding stereorange images,color sgmentatio, shapeinformationand
various constrairs.

Wrenet al. [10] build a systemwhich cantrack a single personby segmerting the
imageinto blobs using color information and then using prior information aboutskin
colorandtopdogy of a persors bodyto interpretthesetof blobs asafigure. Bregler[11]
describes methal for tracking humanmotionby groying pixels with coherehmotion,
colorandtempaal suppot into blobsusinganexpectation-maimization(EM) algoiithm
andtrackeachblobusingaKalmanfilter. Theseblobbasednethod areableto trackeven
whenthereare greatervariations from frameto frame. However, thesemethals do not
dealwith occlusionsxplicitly. MacCormikandBlake [14] track cortoursof two similar
objectsusingan obsenation modelwhich doesnot allow a singlefeatureto correspond
to both objects. In our work the obsenation mockl discouagesthe samefeatue from
correspndirg to bothhardssimultaneaslyin aprokabilistic manrerwithoutdisalloving
it, sinceit is possiblefor bothhardsto be over eachothertemporaily. UtsumiandOhya
[15] track 3D positiors and postues of both handsusingmultiple cameas. Eachhand
positionis trackedwith a Kalmanfilter and3D handposturesareestimatediusingimage
features. This work dealswith the mutual handto-hand occlusia inherett in trackirg
bothhandspy selectingthe cameramageshatdo not have suchocclusions.

The proposedwork is a partof anongoing projed for gesturerecognition to be used
for telerobdic applicdions. Naturalhandgesturs displaylarge interfrare variatiors in
position, postue andcontair and hencewe do not track the 3D poseor the contaur of
the hand. We track a rectanglar window of variablesize surroumling the handregion
usingtheskin colorasourobsevations.Thus,in effect, we trackskin-cdoredblobs. The
evolution of the size andthe trajectorydefinedby the window is subsegantly usedin
reco@izing the gestureperfomed. This apgoach,asopposedto othermethals, allows
trackingof relatively fastermotion with almostarbitrary variation in handshapefrom
frameto frame. Theinformation obtaired this way is satisfictoryfor mostapgications
like gesturerecanition. Moreover, it is possibleto derive more exact information for
applicatiomswhichrequre so, by processinghis localizedregion. Sincewe useskin col-
oredblobswe needto dealwith clutter dueto possiblepresene of skin colored objeds
in thebackgourd andthefaceregion. Hand-fandocclusionis a majorproblemin simul-
taneows tracking of both hands.We pragposea robust methal of trackirg in the presence



of occlusionalsoby estimatingheoccludedbserations.We usethe condensatioralgo-
rithm for trackirng sincethis allows usto maintainmultiple hypotheseén theobsenation
modé andthusredu@sthe possibility of lossof tracking

Theorganizatio of the paperis asfollows. Thenext sectiongivesanoverview of the
concensatioralgorithmthatwe have used.This is followed by the stochastiadynamical
modds for the statesandthe obserationsfor handtracking. Thereafterwe presenta
robust methodfor dealirg with occlusiors and clutter Finally expetimental resultsof
applying this methodarepresented

2 Condensation Algorithm

Blake andlsard[8] proposeda stochasticalgoiithm for tracking curves in clutter using
condtional densitypropagtionover time, leadingto the namecondasation. |t is a fac-
toredsamplingapprachto propagateheentireprobability distribution of theparaneters
to betrackedover time. A summaryof thealgorithm andits framework follows.

The state of the blob-window to be tracked is dended by X; and its history by
Xy = {Xi1,...,X;}. The obseration at time ¢ is dended by Z; andits history by
2y = {Z,...,Z}. It is assumedhat the statedynanics form a tempaoal Markov
chainsothatp(X|X;—1) = p(X:|X:—1). Moreover, the measurerantsare assumedo
be indepemnlent,both mutually andwith respecto the dynamical pracess. Underthese
assumptios, it is shavn thatthe condtional state-densitattime ¢ is given by

p(X¢|Zs) = kep(Ze) X1)p( Xt Z4—1) 1)

wherek; is a normalization corstantthat doesnot depeml on X ;. In the concensation
algorithm, the condtional statedensityis appoximatedby a sample-sebf size N, S; =
{3,21), ey sEN)} anda correspondimy setof weightsII; = {w,ﬁ”, . .,an)}, eachgiven
by
o) = _PEI") .
S p(Zils”)

Thecondesationalgorithmconstretsfromthesample-seattimet—1,i.e. {S;_1, ;1 },
anew sample-sefor time t, i.e. {S;,II;}. Then!" of the N sampless constricted as
follows:

1. Selectasamples, = s\, with probability 7', .
2. Predictby samplingfrom p(X | X;_; = s,"™) to choosesachs™.
3. Obtainthe new weightgiventhe obseration Z, usingwg") =p(Zi| Xy = sﬁ")).

After all theN weightsarecalculatedhey arenomalizedto obtainthenew setof weights.
An estimateof ary monmentof thetracked positionattime is givenby,

N
Elg(X)] =Y mVq(s™) 3)
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Figurel: lllustrationof the statedefinedby thewindow boundingthe hand(palm).

3 Tracking a Single Hand

To develop a handtracker usingthe cordensatioralgoithm we develop a mocel for the
statedynamicsanda measuremntmockl.

3.1 Modd for State Dynamics

Sinceour purposeis to trackrectamgularwindows bowundingthe hand, we selectthe co-
ordinatesof the centerof eachrectanglar window andits height andwidth, asshavn in

Fig. 1, aselementsof the 4-dmensionalstatevectorz, = [z ¥ h w]T. We mocel the
statedynamicsasa second-oderAR process.

xp = Aoy o + Ay 1 + wy (4)

wherew; is a zero-nean,white Gaussiarrandm vector This is intuitively satisfying,
sincethe statedynamicsmaybethoudt of astwo dimersionaltranslatiorandchange in

sizeof arectanglar window surroundingthe handregion. We form an augnentedstate
vector X, for eachwindow asfollows.

x=(%) ©

Thuswe mayrewrite eqn.(4) asX; = AX;_1 + W;. TheMarkovian natue of thismodel
is evidert in above equation

3.2 Observation Modée

In orderto differentiatethe handregion from the rest of the imagewe needa strong
featurewhichis specificto thehand.It hasbeenfound thatirrespetive of race,skincolor
occupesasmallpottion of thecolor spacg16]. As aresult,skin coloris a powerful cue
in locatingtheunaarnedhand

In orderto detectskin coloredregions we assigrto eachpixel atlocationY’, anumter
n(Y) whichis proportioral to the ratio of probailities of its beingskin to its not being
skin.

P(skin|Cy)

n(¥) o« P(notskin|Cy)

(6)

86



whereCy = [Cby, Cry]! is thecolorof the Y'** pixd in the CbCr space We usethe
Y CbC'r color spacd17] representatioanduseonly the Cb andCr valuesto eliminate
theeffectof intensityvariation. UsingBayestheoem,theabove equatiorcanberewritten
as

P(Cy|skin)P(skin)
P(Cy |notskin) P(notskin)

Since P(skin) and P(notskin) are constaits irrespectve of the color of the pixel,
they canbeeliminatedfrom abore equation.

Thelikelihoad functions P(C'y |skin) and P(Cy |notskin) areobtaired by learnirg
from alarge numter of images.Basedon a histogran of n(X), we selectpixels having
very highvaluesof n(X') asseedsindstartingfrom them,we form skin coloredblobsby
including conrectedpixels having thelikelihoad ratio abose anappopriatelower thresh-
old whichis alsobasednthehistogam. Thuswe avoid a simplethresholéhg schemeéy
usingthe histogiam of n(X) andalsoimpaosea conrectyity constrain resultingin skin
colorad blobs. It shouldbe notedthat usingskin color detectionwill yield regions not
only of the handsbut alsoof the faceandthe neck. Apart from this, even otherobjeds
like woodarelikely to be classifiedasskin.

The obsenrationsare the top, left, right and bottom edgesdelimiting the blobs as
shavn in the Fig. 1. Thus the obsevationvectorattime ¢ is givenby Z; = [t I b r]T.
Theremaybeoneor morepossiblemeasuremntsZ/, . .., Z™ corresponthg to m skin-
colorad blobs,with morethanoneblob beingdetectediueto clutter Having selectedhe
stateasexplainedin the previoussubsectionwe modelthetrue obsevationto arisefrom
thestateas

n(Y) «

(7)

Zy=BX; + F; (8)

whereF} is assumedo beazeromeanwhite Gaussiamandmnoise.Thusin theabsence
of clutterwe couldwrite P(Z,;|X;) in (1) asp(Z| X;) oc exp —(Z; — BX)'R' (Z; —
BX;) whereRp is thecovariancematrix of therancbm vectorF;.

However, in orderto dealwith multiple obserations,arisingdueto morethanone
blob beingdetectedwing to clutter, we usethefollowing obsevationmocel.

p(Zi|Xy) o exp{~(Z] — BXo)"Ry' (Z] — BX.)} (9)

where j = arg min(Z} — BX;)TR;'(Z} — BX,).

In effect, for ea(;hgivenstatasam plewe selectthemeasuremsa corresponéhg to the
blob which hasthe maxmum probability of beingthe measuren&. Most of thetimes
only oneskin colared blob will be detected.Only in the caseof clutter doesmore than
oneblob arise. Hence,for a pradical implementationof the handtracker we selectthe
blob which fits the predictedvalue BX;; _; bestasthe measurment,andusethe same
measuremntfor calculatingweightsof all samplesasgivenby (2).

4 Modelsfor Tracking Both Hands Simultaneously
For joint trackingof bothhandswe proceedasfollows. For eachhanda searchwindow is

formedarourd the predctedvalues andif the searchwindows have a significantoverlap,
thetrackingis dore jointly or elseeachhandis trackedindepeidentlyasmentioredin the
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previoussection.After detectingskin-cloredblobs, the occluced compnentsjf ary, of

the obseved blob areestimatedasexplained in the next section.Whenboththe search
windows overlap, thereis a possibility that both the tracked blobs may latch on to the
samebloh To avoid this, for joint tracking we corcatenatethe stateand obsenation

vectos of theleft andtheright hand(indicatedby the supescriptsL andR), into X t and
Z, respectidy asfollows

; XL p ZL
5=(3) 2=(7)

andusep(Z,|X;) o« exp{—(2f - BX})" R (2} - BX}) - (2} - BX[")"R;")(Z} -
BX}[)} asthe obsevation mocel, where, (k,1) = arg min(Z; — BX/)TR.' (Z} —
Z?J

BX}) + (2] = BXP)TRY)(Z] — BXP) + K4 (i, j).

Thisis similar to (9) exceptfor theterm K (i, j), which preventsboth the windows
from trackingthe sameblob by servirg asa pendty constant.The effed of this termis
similar to thatof the methodusedfor exclusionin [14] by notallowing the samefeature
to correspad to two different objectssimultaneasly. However, the term K4(i, j) dis-
courgyesa blob from beingassociateavith bothhand in a protabilistic manrer without
disallowing it. Thisis necessarginceoccasionly boththe hand mayovedap to form
asingleblob. Thevalueof K shoud be choserappropiately basedon experimentatia.
Again, for a practicalimplemenationwe selectthe pair of blobswhich fits the predcted
valuebestto betheobsevationandallow multiple obsevationsonly whenmorethanone
pair of blobs closelyfits the predctedvalue.

5 Providing Robustnessto the Tracker

As mentioredin the previous section,we form a searchwindow basedon the predcted
valuesand detectskin-mlored blobs. However the obsevationsmay be cluttereddue
to the face,objectshaving skin-like color or falseskin color detection While tracking
both hands, the obserationsarein errorwhenthe hang obstructeachother However,
usuallyall the elementsf the obsenation vecta arenot simultaneasly in error Hence
we proposea schemdor estimatingheerroreousobsenationsbasedntheonesthatare
not erroneais andthe predictedvalues of the states.We needa methal for detemining
whetheran obseration is erroreousor not. If ary obsered value does not matchthe
predided valuewithin a threshdd, we assumat to be dueto occlusionor clutter Thus
the obsevationscould be erroreousdueto the mutualobstriction of hand, backgourd
objectssimilarto skin,body partslik e faceandthroator falseskin colordetectioror even
errorin prediction
Takingthis into corsiderationwe mayrewrite the obsevationmodel in (8) as

Z; = BX, + D,F, + D¢Q, (10)

where,F; is the obserationnoiseasin (8) and@ ; correspadsto thelarge pertubatiors
in themeasurema dueto occlusionor clutter Lettheobsenation vectorZ ; beof dimen
sion M x 1 andthestateX; beof dimersion K x 1 resultingin the dimersion of matrix
B beingM x K andthatof D, andD§ beingM x M. All thenondiagmal entriesof
the matrix D; arezeroandthe diagmal entriesare eitherO or 1 depenéhg on whether
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the obsevationis erron@usor not. D¢ alsohasall nondiagoral entriesto be zeroand
thediagaal elementsrethe 1's complenentof the corresponihg elementsn D ;. Con-
siderthecasewhenonly theit* obseration is in errordueto clutteror occlusionandthe
remainirg measurmentsarenot affected Thus,given thatthei ** elementz; in the ob-
senationvecta is erroreous,we needto estimatez; in termsof the othermeasurments
andthe predictedstates Substitutinghe measuremasin (10) andtaking expedation of
both sidesassuminghat Q; haszeromeanwe get, [z1 ... E(z;) - .. 2m)T = BE(Xy).
Multiplying bothsideswith arow vectorG, with elementdg; ... gas]7, andrearraging
weget,g:E(zi) = 3,4, 952 + GBE(X)

Now we substitute£ (X;) by thepredictedvaILes)?m_l. Also lettingGB = H =
[h1...hkg]andg; = 1, we obtain,

E(z;) = Zgjzj +[h1 o hr) Xy (11)
J#i

Sincewe wish to estimatethe erraneousobsenationin termsof the remainng measure-
mentsratherthandepeid onthepredictions,thevecta G shouldbeselectedsuchthatthe
maximum numbe of elementsn H arezero.

However, as menticned earlierwe consideran obsenation to be errmmeouswhenit
differs from thepredction by a value greateithansomethreshdd. This conclwsioncould
alsobe dueto anerra in the prediction andhencewe take a linear combination of the
estimateF(z;) obtainedn (11) andthemeasuredaluez;.

% =pE(z:) + (1-p)z 0<p<l (12)

Thevalue of p shouldbe selectediepeming onthe conficencethatthe measurerant
is really erroreousandthat predction erra is not the cause.This valuecanbe deciced
basednthenumterof elementshatareerron®us.If all theinterrelatedobserablesare
erroreous,the estimatds basedonly on the predcted values.A lower valueof p would
be suitablein this case sincesimultan@ushigh errorin all theinter-relatedobserations
couldbedueto errorin predicti itself. In thecaseof two hard tracking whenocclusion
dueto the otherhandcanbe predided,if occlusionoccus aspredctedthenthep canbe
madevery closeto 1. Our choice of the stateandobsenationvectorsmalkest andb a pair
of interrelatal obserationsthrowgh the predcted states.Similarly I andr form anotler
pair. Hencewhenonly ary oneof eithert or b is occludedwe take p = 0.8 andsimilarly
for the pair/ andr. Whenbotht andb or ! andr areoccludedwe take p = 0.6. In the
casewheretheocclusionoccursaspredctedwe take p = 0.95.

Theestimatedralueobtainedhusis usednsteadf theerraneousvalueandthetrack-
ing proce@sasbefae. In casemorethanoneobserableis erroreous the samemethal
canbeextenced. If z; andz; areerron®usthenthe estimateof z; shouldnotincludez;
andhene we needto make thetermh ; = 0.

6 Experimental Results
The resultsof handtrackirg for someof the framesin a video sequene captued at 12

framesper secondusingthe modelin section3 in conjunctionwith the robustnesgech-
niguegiven in section5 areshavn in Fig. 2. As canbe seenthe handis trackedin a
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Figure 2: Resultsof trackng a singlehandfor the“Move Left” gesture

usualoffice environmen with backgoundclutter. We runthe concensatioralgoiithm us-
ing just 100samplepointsfor the distribution allowing a fastimplemertation. Theinitial
positionof the handis specifiedusinga palmdetectioralgoithm describedn [18], [19].
Theresultsshow thatthetrackedwindow sizeincrease®eyondthehanddueto falseskin
colordetectiorbut themethal recoverslater.

We shaw theresultsof trackingnaturd movementsof both hand simultaneuslyin
video sequenescaptued at 12 framesper secondusing the mocel in section4 along
with the robustnesgechniqe of section5. The topnost rows of Figs. 3 and4 showv
intermedate framesof two of the test sequence (comgete video for theseresultsare
available on the CDROM in MPEG format). The two tracked windows are shavn by
rectanglar boxes(one contiruousandthe otherdotted)surraunding the hand. A region
containing occlusionis shavn frameby frame in thesecondow of eachfigurefor greater
details. Thethird row shavs the obsenrationsobtainel by detectingskin-colaed blobs
within the searctwindows indicatedby thedottedrectamgles. The presene of two search
windows indicatesthat both hand are being tracked indepemlently whereasa single
searchwindow indicategthatjoint trackirg of bothhandss beingdonedueto significant
overlapin thesearctwindows asmentioredin sectiond. As seenn Fig. 3, boththeblobs
meige for 2 framesandfor the sequenceshawvn in Fig. 4, the blobsremainmergedfor 5
frames.In spite of this, the tracker successfullyfollows eachhandasshowvn by the two
rectanglar windows dueto the estimationof occluced obsevationsasin section5. As a
resultof usingthe proppsedobsevation model,the tracked windows separat@ven after
theblobsremaining memgedfor 5 frames,asshavnin Fig. 4.

7 Conclusion

We presenta robust hard tracker which simultaneasly tracksrectanglar windows sur
rounding boththehardsusingthecondesationalgorithm. Thetrackingalgorithm is able
to dealwith erra in obsenationsdueto clutterandocclusiondy estimatingheoccludced
obsenationsin termsof the unaccludedmeasurerantsandthe predided statevalueshy
exploiting the factthat usuallyall measuementsare not occludedsimultaneasly. Re-
sultsof applying this methal to trackbothhandssimultaneasly shawv thatthis methal is
capableof dealingsuccessfullyith variouskinds of clutterandhandto-handocclusian.
Theresultsof thetrackerwill, in future, beusedin recoqizing the perfamedgestue.
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