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Abstract— This paper developsprobabilistic methodsfor visual
tracking of a three-dimensional geometric hand model from
monocular image sequencesWe consider a redundant repre-
sentation in which each model component is described by its
position and orientation in the world coordinate frame. A prior
model is then de ned which enforcesthe kinematic constraints
implied by the model's joints. We show that this prior has a
local structure, and is in fact a pairwise Mark ov random eld.
Furthermor e, our redundant representation allows color and
edge-basedik elihood measures,suchasthe Chamfer distance,to
be similarly decomposedn casesvherethereis no self—occlusion.

Given this graphical model of hand kinematics, we may track
the hand's motion using the recently proposed nonparametric
belief propagation (NBP) algorithm. Lik e particle lters, NBP
approximatesthe posterior distrib ution over hand con gurations
as a collection of samples. However, NBP usesthe graphical
structure to greatly reducethe dimensionality of thesedistrib u-
tions, providing improved robustness.Several methods are used
to improve NBP's computational ef ciency, including a novel
KD-tr ee basedmethod for fast Chamfer distance evaluation. We
provide simulations showing that NBP may be used to re ne
inaccurate model initializations, as well as track hand motion
through extendedimage sequences.

I. INTRODUCTION

Accuratevisual detectionandtrackingof three—dimensional
articulatedobjectsis a challengingproblemwith applications
in human—-computeiinterfaces, motion capture, and scene
understanding25]. In this paper we develop a probabilistic
methodfor trackinga geometrichandmodelfrom monocular
imagesequenceBecausearticulatedhandmodelshave mary
(roughly 26) degreesof freedom,which are only indirectly
relatedto the obsered images,exact representatiorof the
posteriordistribution over modelcon gurationsis intractable.
Extendedand unscentedKalman Iters [12,14,19] approx-
imate the posteriorby a single Gaussian,and updatethese
approximationwia a linearizationof themeasuremergrocess.
However, becausemary different hand con gurations may
approximatelymatcha givenimage,the true posterioris often
multimodal, making linear approximationgneffective.

Giventhe ambiguitiesinherentin visual tracking problems,
mary authorshave considerednonparametricdensity repre-
sentations.For example, particle lters [6] approximatethe
posteriordistribution by a setof representatie elementsand
use Monte Carlo importancesamplingrules to updatethese
particles. However, due to the large number of degreesof
freedomin handtrackingproblemsparticle lters cannothope
to accuratelyrepresenthetrueposterior Instead particlestend
to concentratdn only a few of the most signi cant modes,
andthe tracker can suffer catastrophidailures. This problem

hasmotivatedprevious authorsto considersimpli ed models
which only allow a limited rangeof object motions[11], as
well as sophisticatedprior modelswhich better predict the
objects dynamics[16, 26].

Deterministicnonparametricapproximationsare also pos-
sible, as demonstratedoy a recently proposedtree—based
estimator[20] which de nes a multiscale discretization of
the statespace This approachachiezes computationakavings
by approximatingimage likelihoods as piecevise constant
at coarsescalesof the discretization,and only recursvely
evaluatingthosecells who's probability is above a prede ned
threshold.However, this approachis only effective whenthe
tree structureis constructedusing prior information which
strongly constrainsthe hands con guration. If the prior is
uninformatve, such pruning rules are very likely to miss
importanthandcon gurations.

Given the dif culties in approximatinghigh—dimensional
distributions, someauthorshave proposedreplacingtracking
by classi cation [1,15], where classescorrespondto some
discretizatiorof allowablehandcon gurations.Thesemethods
are most appropriatein applicationssuch as sign language
recognition, where only a small set of posesis of primary
interest. Also, as thesemethodsare basedon precomputed
images of the hand from all possible con gurations, they
require large amountsof storagespace.A recently proposed
methodfor interpolatingbetweenclasseg22] makes no use
of the image dataduring the interpolation,and thus assumes
that the transition betweenary pair of hand poseclassesis
highly predictable.

An alternatve way to addressthe high dimensionality of
articulatedtracking problemsis to identify statistical struc-
ture within the posterior distribution. This structurecan be
describedusing a graphical mode] or Bayesiannetwork.
Graphicalmodelshave beenusedto track view—basechuman
body representation§l 3], contourmodelsof restrictedhand
con gurations [4], view—based2.5D “cardboard” models of
hands and people [24], and a full 3D kinematic human
body model [17]. Becausethe variablesin these graphical
models are continuous,and discretizationis intractable for
three—dimensionahodels mosttraditionalgraphicalinference
algorithmsare inapplicable.Instead,thesetraclers are based
on recently proposedextensionsof particle lters to general
graphs:mean eld Monte Carlo in [24], and nonparametric
belief propagation (NBP) [8,21] in [17].

In this paper we shov that NBP may be usedto track a
three—dimensionagjeometricmodel of the hand. To derive
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Projectededges(top row) and silhouettes(bottom row) for two con gurations (left and right blocks) of the 3D structuralhand model. To aid

visualization,the model joint anglesare setto matchthe images(left), andthenalso projectedfollowing rotationsby 35 (center)and70 (right) aboutthe

vertical axis.

a graphicalmodel for the tracking problem, we considera
redundantlocal representatiorin which each hand compo-
nentis describedby its own three—dimensiongbosition and
orientation.We shav that the models kinematic constraints,
including self-intersectionconstraintsnot capturedby joint

anglerepresentationgake a simple form in this local repre-
sentation.Furthermorejn caseswheremodelcomponentsio

not signi cantly occludeeachother standardedgeand color

basedik elihood measuresnay be similarly decomposedwe

describethe implementatiorof NBP on this model,aswell as
severalmethoddor improving computationakf ciency. These
include a novel method for fast orientation—basedChamfer
distanceevaluation using KD—trees [2]. We conclude with

simulationsdemonstratinghat NBP can re ne noisy initial-

izationsin single frames,as well astrack hand motion over
two extendedsequences.

Il. GEOMETRIC HAND MODELING
A. Structual Model

Structurally the handis composeaf sixteenapproximately
rigid componentsthreephalange®r links for each nger and
thumb, as well as the palm [25]. As proposedby [14,19],
we modeleachrigid body by one or more truncatedquadrics
(ellipsoids, cones,and cylinders). Thesegeometricprimitives
are well matchedto the true geometry of the hand, and
in contrastto 2.5—-dimensional‘cardboard” models[24,26],
allow trackingfrom arbitraryviewing orientationsln addition,
becausethe perspectie projectionof a quadric surfaceis a
conic, one can efciently determinethe image points lying
on the boundaryor silhouetteof the projectionof ary three—
dimensionalmodel con guration [3,19].

Figure 1 shavs the edgesand silhouettescorrespondingo
two differentcon gurationsof the handmodel,eachof which
is seenfrom threedifferentviewpoints. Becauseour modelis
designedor estimationnot visualization precisemodelingof
all partsof the handis unnecessaryAs our tracking results
demonstratejt is sufcient to capturethe coarsestructural

featureswhich are most relevant to the obseration model
describedn Sec.lll. Notealsothatwe do not considermodel
self-occlusiorwhen nding edges.SeeSec.llI-A for further
discussionof this approximation.

B. KinematicModel

The kinematic constraintsbetweendifferent hand model
componentsare well describedby revolute joints [25]. Fig-
ure 2(a) shawvs a graphdescribingthis kinematicstructure,in
which nodescorrespondo rigid bodiesand edgesto joints.
The two joints connectingthe phalangesof each nger and
thumb have a single rotational degree of freedom,while the
joints connectingthe baseof each nger to the palm have two
degreesof freedom(correspondindo graspingand spreading
motions). Thus, twenty joint anglesare requiredto describe
the relative positionsof all handparts.

The full con guration of the handis describedby these
anglesalong with the palm's global position and orientation,
giving a total of 26 degreesof freedom.Given image mea-
surementscalculationof a model con guration's likelihood
generallyrequiresthe global position and orientationof each
componentThis forward kinematicsproblemis easily solved
via a seriesof transformationglerived from the positionand
orientationof eachjoint axis, along with the corresponding
joint angles(see,for example,[12] for details).

C. Redundant.ocal StateRepesentation

Most model-basechand trackers parameterizehe model
statein terms of the twenty joint anglesdescribedabove,
along with the palm's global position and orientation. In
this paper we insteadexplore a redundantrepresentationn
which the i™ rigid body is describedby its position g and
orientationr; (a unit quaternion)Let x; = (g ;r;) denotethis
local descriptionof eachhandcomponens con guration, and

Clearly, there are dependencieamongthe elementsof x
implied by the kinematicconstraintsLet Ex be the setof all
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Fig. 2. Graphsdescribingthe hand models physical constraints,where
nodescorrespondto different hand components(a) Kinematic constraints
correspondingto the revolute joints between neighboring components.
(b) Structuralconstraintswhich prevent the intersectionof handcomponents
in three—dimensionadpace.

pairsof rigid bodieswhich are connectedy joints, or equiv-
alently the edgesin the kinematicgraphof Fig. 2(a). For each
joint (i;j) 2 E<, de ne an indicator function IKJ (xi; %))
which is equal to one if the pair (x;;X;) are valid rigid
body con gurationsassociateavith somesettingof the angles
of joint (i; j), and zero otherwise.Viewing the component
con gurations x; as random variablesto be estimated,the
following prior modelexplicitly enforcesall of the constraints
implied by the original joint anglerepresentation:
Y
5 (xiixg)

Pr () / (1)

(i )2Ek

The structure of eq. (1) shavs that px (x) is a graphical
model (in particular a pairwise Markov random eld). The
graph describing the kinematic structure (Fig. 2(a)) is the
sameasthe graphdescribingthe Markov structureof pg (x).
Intuitively, this graph expresseghe fact that conditionedon
the con guration of the palm, the position and orientationof
each nger is describedby anindependensetof joint angles,
andis thus statisticallyindependent.

At rst glance,the local representatiordescribedin this
section may seemunattractve: the state dimensionhas in-
creasedfrom 26 to 96, and inferencealgorithms must now
explicitly dealwith the prior constraintdescribedby pk ().
However, aswe shaw in thefollowing sections]ocal encoding
of the modelstategreatlysimpli es mary otheraspectof the
tracking problem.

D. Structual Constaints

In reality, the joint anglesdescribinghandcon guration are
not independenbecausedifferent ngers can never occugy
the samephysical volume. The constraintghat this placeson
joint anglesare a complex function of the hands geometry
and are dif cult to expresscompactly However, in the local
representatiorof the previous section, these structural con-
straintstake a simple form: the position and orientation of
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Fig. 3. Graphicaimodelof the dynamicsrelatingtwo consecutie time steps.
For clarity, edgescorrespondingo structuralpotentialsare not shavn.

every pair of rigid bodiesmustbe suchthat their component
guadricsurfacesdo not intersect.

For computationalefciency, our tracking algorithm ap-
proximatesthis ideal constraintin two ways. First, we only
explicitly constrainthosepairsof rigid bodieswhich are most
likely to intersect,correspondindo the edgesEs of the graph
in Fig. 2(b). Furthermore,becausethe relative orientation
of each nger's quadricsis implicitly constrainedby the
kinematicprior px (X), we maydetectmostintersectiondased
on the distancebetweenobject centroids:

S
g (%) = (1) ]cj)%erv(\iiiéje ! 2)
Here, j; is athresholddeterminedrom theradii of the cones
or cylindersde ning rigid bodiesi andj . As for thekinematic
constraintswe de ne a prior model which ensuresthat the

structuralconstraintsare no\t{ violated:

ps(x) / 5 (xiixp)
(i )2Es

We have found this constraintto be importantin our simula-
tions to prevent different ngers from attemptingto track the

sameimagedata.

®3)

E. Tempoal Constaints

Thusfar, our discussiorhasfocusedon the handconstraints
presenitasinglepointin time. In orderto trackhandmotion,
we must have somemodel of the hands dynamics.Let X
denotethe positionandorientationof thei™ handcomponent

at time t, our dynamical model adds a Gaussianpotential
connectingit to the correspondingcomponentat the previous
time step:
6

N (Xt L
i=1
A graphicalrepresentatioof thesepotentialds givenin Fig. 3.
Although this temporal model is factorized,the kinematic
constraintsat the following time step implicitly couple the

pr (Xt j Xt 1) = Xgi 30, i) (4)
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Fig. 4. Imageevidenceusedfor tracking.(a) Intensity edgesdetectedby a
thresholdedyradientoperator (b) Likelihoodratios at eachpixel for a color
basedskin detector

correspondingandomwalks. Thesedynamicscanbejusti ed
as the maximum entropy model given obsenations of the
nodes'mauginal variances ;.

I1l. OBSERVATION MODEL

Our handtracking systemis basedon a set of ef ciently
computededgeand color cues.For notationalsimplicity, we
focuson asinglevideoframefor theremaindeiof this section.

A. Edge Matching Using the ChamferDistance

As a handis moved in front of a camera,it obscureghe
backgroundsceneand thus tendsto produceintensity edges
alongthe boundarieof its projectionin the imageplane(see
Fig. 4(a)). This edgecueis usedby virtually all model-based
handtracking systemq11,14,19,20,24,26]. Following [20],
we usethe Chamferdistanceo measuraliscrepanciebetween
projectedmodel edgesandimage edgesdetectedby a simple
gradientoperator To improve accurag, we measuredistance
in termsof both edgeposition and orientation.

Let ( x) denotethe set of edgesin the projection of
three—dimensionahodelcon gurationx, and ( y) theoutput
of an edgedetectoron the imagey. The Chamferdistance
de (( X); ( y)) is thengiven by

d2((x); (y) = ®)

min g?(u; V)
u2 ( x) y)
Here, g(u; v) determineghe metric by which errorsin edge
matchesare measured.Letting u (up;u ) denote the

positionu, andorientationu of edgeu, we de ne

" o
P =mn 2P fuiv)ie ©
whered (u ;v ) measuresbsolutedifferencesn orientation
modulo , and gy addsrobustnesgo edgedetectionfailures.
Finally, we associatehis distancewith a likelihood function

asfollows:

ed2 (( x); (¥) @)

For a discussionof the generatre model underlying this
likelihood function, see[23].

Pe (Yix) / exp

B. SilhouetteMatching Using Skin Color Statistics

Skin colored pixels are well knowvn to have predictable
statistics [9], and thus provide a powerful cue for hand
tracking. We modelthe color distribution psin Of skin pixels
by a single Gaussiann RGB spacewith meanandcovariance
estimatedrom hand-selectettainingpatchesWe assumehat
non-skinpixels have a uniform color distribution ppigq -

Let ( x) denotethe set of pixels in the silhouette of
projected hand model con guration x, and  the set of
all image pixels. Assuming each pixel is independentthe
likelihood of animagey is

Pc (Yjx) = Pskin (1) Pokgd (V)

u2 ( x) v2 n( x)
Y Pen (U)
( x Pokod (u)

(8)

u2

The secggdequationfollows by neglectingthe proportionality
constant ™, Pukgd (v), Whichis independenbf x [4]. Note
that we must only evaluate the likelihood ratio over the
silhouetteregion ( x). Figure4(b) plotsthesdik elihoodratios
for a samplehandimage.

C. Local Decompositiorof Likelihoods

Supposethat the hand model is in a three—dimensional
con gurationfor which thereis no self—-occlusionin this case,
eachhandcomponentwill projectto a disjoint subsetof the
imagepixels, andthe Chamferdistance(eq. (5)) decomposes

as
X6

d2(( x); (y) = _ d2 (( xi); ()

i=1

9)

This in turn implies that the edge—basetlkelihood (eq. (7))
factorizesinto a productof termswhich provide independent,
local evidencefor eachcomponent:

6

Pe (Yixi)

i=1

Pe (Yix) / (10)
Similarly, the skin color likelihood (eq. (8)) decomposesas
\16
pc (yix) / Pc (Yixi)

i=1

(11)

Note that this statisticaldecompositiordoesnot hold for the
original joint anglerepresentatiorandis heavily dependenon
our choiceof a staterepresentatiorin which the relationship
betweenmodel parameter&nd image coordinatess local.

In casesvherethereis self—occlusionthe local decomposi-
tion of eq. (10, 11) will not hold. Neverthelessye believe that
this decompositiorwill often provide a good approximation.
In particular becausecclusionreasoningcanonly reducethe
numberof projectedmodel edgesthe local decompositiorof
eg. (10) will alwaysprovide an upperboundon the true edge
likelihood pg (Yjx).



D. Fast Likelihood Computation

Becausethe nonparametricbelief propagtion algorithm
proposedin this paper must evaluate mary different hy-
pothesedor eachmodel component,t is importantthat the
evaluations of our likelihood functions be computationally
efcient. For the skin color term (eq. (8)), we precomputehe
cumulative sumof the log likelihoodratiosalongeachrow of
pixels. We may then quickly integratethe likelihood of each
hypothesizedsilhouetteregion, given only the boundariesof
that silhouette.

For the Chamferdistance,our inclusion of orientationin-
formationmakesit dif cult to usestandardlistancetransform
methodsWe insteaduseKD—trees[2] to exploit the geometric
structureunderlyingour detectededgesFor low—dimensional
collectionsof points,KD—treesmay be ef ciently constructed,
andthenusedto nd nearesneighborsin logarithmic time.

Given a set of detectededges,we precomputea KD-tree
representationf the three—dimensionalectorscorresponding
to eachedges position and orientation. To accountfor the
fact that orientation distancemust be measuredmodulo
we also include a second, appropriately rotated copy of
eachpoint. Then,for eachhypothesizednodel con guration,
the minimization step of the Chamferdistancecomputation
(eq. (5)) can be performed via efcient nearest—neighbor
searchin the KD-tree. Using KD-trees, we achie/e very
fast Chamferdistancecomputationwithout requiring excess
storageor suffering from discretizationartifacts.

V. NONPARAMETRIC BELIEF PROPAGATION
A. Graphical Modelsand Belief Propagation

In the previous sectionswe have shavn that a redundant,
local representatiof the geometrichandmodels con gura-
tion x; allows p(X; j yt), the posteriordistribution of the hand
modelat time t given imaglgobsemtionsyt, to be written as
6 #

Pe (YtiXti )Pc (YeiXti )
i=1
wherepk (X¢) and ps(x;) are kinematicand structuralprior
modelscorrespondindo the graphsof Fig. 2. This expression
is exact when there is no self-occlusion,and a potentially
useful approximationmore generally When T video frames
are obsered, the overall posteriordistribution is given by

Y
pxiy)!  p(Xcjydpr(Xe]xe 1)
t=1
Equation (13) is an example of a pairwise Markov random
eld, which canmore generallybe written as
Y Y

p(x¢jye) I Pk (X¢)Ps (Xt) (12)

13)

i (Xizy) (14)

i2v

i (XiXj)
(i;j )2E

p(xjy) /

Here, V is a set of nodes, correspondingto the sixteen
componentsf the hand model at eachtime step,and E is
a setof edgesspecifyingtheir statisticaldependencies.
Given our analysis,handtracking can be seenas a special
exampleof inferencein a graphicalmodel. In this paper we

consider belief propagation (BP) [27], a method for solv-

ing inferenceproblemsvia local message—passingt each

iteration of the BP algorithm, somenodei 2 V calculates

a messagem; (x;j) to be sentto some neighboring node
2 (i), fjj@j)2Eg

Z

mi (xj) = i (X xi) i (i)

Xi

mEi l(Xi) dx;

k2 ( i)nj

(15)

Here, denotesan arbitrary proportionalityconstantAt ary
iteration,eachnodecanproduceanapproximatior(x; j y) to
themaiginal distribution p (x; j y) by combiningtheincoming
messagesvith the local obsenation:

Pr(xijy)= i (Xi;yi) m{ (i) (16)

2 (0

For tree—structuredgraphs, the approximate mamginals, or
beliefs,p" (x; j y) will corvergeto thetruemamginalsp(x; j y)
oncethe messagefrom eachnodehave propagtedto every
othernodein the graph.On graphswith cycles,the maginal
distributions estimatedby BP are only approximateput these
approximationsare often highly accuratd27].

B. Nonpamametric Repesentations

For the hand tracking problem, the variablesx; take on
continuousvalues.Becauseaccuratediscretizationof the six
degreesof freedomat eachnode s intractable,and the BP
messagepdate(eq.(15)) hasno closedform for the potentials
underlying hand tracking, exact implementationof BP is
infeasible.Instead,we explore nonparametricparticle—based
approximationsto these messagesaising the nonparametric
belief propagtion (NBP) algorithm [21].

In NBP, eachmessagés representedsingeithera sample—
baseddensityestimate(a mixture of Gaussianspr an analytic
function.Both typesof messageareneededor handtracking,
as we discussbelon. Each NBP messageupdate involves
two stages:samplingfrom the estimatedmamginal, followed
by Monte Carlo approximationof the outgoingmessagekor
the generalform of theseupdatessee[21]. In the following
sectionsye give a high—level overview focusingon theunique
featuresof the handtrackingapplication.

The hand tracking applicationis complicatedby the fact
that the orientation componentr; of Xx; (g;ry) is an
elementof the rotation group SO(3). Following [5,17], we
representorientations as unit quaternions,and use a lin-
earized approximationwhen constructingdensity estimates.
Any sampledorientationamay be projectedbackto SO(3) by
normalizingthe correspondingour—dimensionalector This
approximationis most appropriatefor densitieswith tightly
concentratedotationalcomponents.

C. Marginal Computation

From eq. (16), we seethat the BP estimateof the local
mauginal distribution p(x; j y) is equalto the productof the



Given input messagesn;; (x;) from kinematic neighbors (i),
structuralneighbors s (i), andtemporalneighbors 1 (i):

1) Draw M independensamplesf x( )g"" ;1 from the product

xi( ) m;; (i)
iz 1)

using the multiscalesamplingmethodsof [7]. i
For eachxi( ) = (q( ),r,( )), normalizethe orientatjonri( ),
Computean importanceweight for eachsamplex !

w7 pe (yix)pe (yix ) m;i(x{)
j2 s(i)

my; (Xi)
k2 « (i)

2)

4) Use a bandwidth selectionmethod (see &18]) to constructa

kerneldensityestimatep(x; j y) from fx; ),W,( )g"":l .

Alg. 1. NBP updateof the estimatednaginal distribution p(x; j y).

incomingmessagefrom neighboringnodeswith thelocal ob-

senation potential.Lik e particle lters, NBP usesimportance
samplingto approximatethis product.As we describein the

following section,our NBP hand tracker employs Gaussian
mixtures for some messagegalong kinematic and temporal
edges),and analytic functions for others (structural edges).
Theimagelikelihoodpe (YjXi)pc (YjX;) is ananalyticfunction

which can be efciently evaluatedat ary candidatex; using

the methodsof Sec.llI-D.

The importancesamplingupdateof the mamginal estimate
P(X; jy) is summarizedn Alg. 1. First, M sampled xi( )g!\"zl
are dravn directly from the product of the kinematic and
temporalGaussiamixture messaged\ote that this sampling
problemis nontrivial: givend mixturesof M Gaussianstheir
productis a mixture of M ¢ GaussiansHowever, in this paper
we use a recently proposedmultiscale Gibbs sampler [7]
to efciently draw accurate,albeit approximate,samples.
FoIIowmg normalization of the rotational component,each
samplex Jis assigneda weight w( equalto the product
of the color and edgelikelihoodswnh ary messageslong
structuraledgesFinally, the computationallyef cient “rule of
thumb” heuristic[18] is usedto setthe bandwidthof Gaussian
smoothingkernelsplacedaroundeachsample,producingan
estimateof the desiredmanginal distribution.

The previous procedureassumeghat at least one of the
incoming messagess a Gaussianmixture. For the hand
tracker, this is true exceptfor the initial messagaipdateson
the rst frame,whenthe only incoming messagés the local
analyticlikelihood function. For the simulationspresentedn
this paper we initialized the tracker by hand-specifyinga
high varianceGaussiarproposaldistribution centered-oughly
aroundthe true startinghandcon guration. In the future, we
hopeto replacethis manualinitialization by automatidmage—
basedfeaturedetectors.

D. Message Propagation and Scdeduling

To derive themessag@ropagtionrule, assuggestedy [10]
we rewrite the messageipdateequation(15) in termsof the

GivenM welghtedsamples‘x w( )gM from p(x. jy), andthe

incoming messagen;; (xi) usedto constructp(x| iy):

1) Reweighteachsamplex'’ asw(’ / w)=m;;(x")).

KINEMATIC EDGES:

2) Draw M samplesf x( )g""l with replacemenfrom the dis-
cretedlstrlbutlon de ned by the weightsfw! g,

3) For eachx ), sampleuniformly from the allowable anglesfor

joint (i; j). Determlnexj( ) via forward kinematics.

4) Useabandwidthselectionmethodto constructa kerneldensity
estimatem; (x;) from the unweightedsamplesf x{ g, .
TEMPORAL EDGES:

2) Constructa kernel density estimatem;; (x;) with centerg
fx\'g", , weightsfw' g, , and uniform bandwidths ;.
STRUCTURAL EDGES:

2) Forary xj = (g; r,) let L —f

3) Calculatemj (x;) = -, w

Jﬂé” Gii> o

Alg. 2. NBP updateof the nonparametrienessagen; (x;) sentfrom node
i to nodej asin eq.(17), for eachof the three potentialtypes.

mauginal distribution p(X; j y):
z
mi (x;) =

dXi

I(y. i
i 0g ) B0 gy 1)

Xi mjn| ! (XI)

Our explicit useof the currentmaginal estimatep” (x; j y)
helps focus the Monte Carlo approximationon the most
importantregions of the statespace.

Consider rst the casewhere (i;j) 2 E«<, so that JK,
correspondsto a kinematic constraint. The messageprop-
agation step makes direct use of the particles fx g T
sampledduring the last margmal estimate.We ra/velght each
particle x,( ) by 1—mJ.(x ) and then resampleto get M
unweightedpartlclesfx g™, (seeAlg. 2). We must then
samplecandidatex; con gurationsfrom the conditionaldis-
tribution KI (xj;x ()) Because Ki is anindicator potential,
this sampllnghasa particularly appeallngform rst sample
uniformly amongallowablejoint angles,andthen useforward
kinmaticsto nd the x{’ correspondingo eachx Fmally,
the “rule of thumb” bandW|dthseIect|0nmethod[18] is used
to constructthe outgoing Gaussiarmixture message.

Becausethe temporal constraint potentials are Gaussian,
the sampling associatedwith kinematic messageupdatesis
unnecessaryinstead,as suggestedy [8], we simply adjust
the bandwidthsof the currentmamginal estimatep(x; j y) to
matchthe temporalcovariance ;| (seeAlg. 2). This update
implicitly assumeghat the bandwidthof p(x; j y) is much
smallerthan ;, which will hold for sufciently large M .

For structuralconstraintedgesEs, a different approachis
needed.n particular from eq. (2) we seethat the pairwise
potentialis onefor all statecon gurationsoutsidesomeball,
and thereforethe outgoingmessagewill not be nitely inte-
grable.For structuraledgesmessagemustthentake theform
of analyticfunctions.In principle, at somepoint x; the mes-
sagem; (x;) shouldequaltheintegral of p(x; j y) =m;; (xi)
over all con gurations outsidesomeball centeredat g . We



Fig. 5. Schedulingof the kinematic constraintmessagaipdatesfor NBP:
messagesire rst passedrom ngertips to the palm, and then back to the
ngertips. Structuralconstraintmessage¢not shavn) are updatedasneeded.

approximatethis quantity by the sum of the weights of all
kernelsin p(x; j y) outsidethat ball (seeAlg. 2).

For NBP, the messagaipdateorder effects the outcomeof
eachlocal Monte Carloapproximationandmaythuseffect the
quality of the nal mamginal estimatesGiven a single frame,
we iteratethe tree—basedhessagscheduleof Fig. 5, in which
messagearepassedrom ngertips to the palm,andthenback
to the ngertips. The structuralmessageswhich for clarity
are not shavn, are also updatedwheneer the sourcenodes
belief changesFor video, we procesghe framesin sequence,
updatingthe temporalmessageso the next frame following
a x ed numberof kinematic messagesweeps.However, the
tracker could be easily extendedto incorporateinformation
from future video framesusing reverse—timemessages.

E. RelatedWork

The NBP algorithmhasalsorecentlybeenusedto develop
athree—dimensionglersontracker [17]. However, this person
tracker usesa “loose—limbed” formulation of the kinematic
constraintsvhich differssigni cantly from our handtracker. In
particular the loose—limbedracker representshe conditional
distribution of each limb's location given its neighbor via
a Gaussianmixture estimatedfrom training data. For each
joint, thetwo needectonditionaldensitiegfor example,upper
arm given lower arm and lower arm given upper arm) are
learned independently In general, however, there may be
no pairwise clique potential which is consistentwith these
conditionals.Thus, there may be no globally consistentgen-
eratve model underlying their results, making the standard
theoretical justi cations of belief propagtion inapplicable.
The two—dimensionatrackingresultsof [8, 24] arealsobased
on explicit (andsometimesnconsistentyelaxationof thetrue
kinematicconstraints.

In contrast, we have shavn that an NBP tracker may
be built around the local structure of the true kinematic
constraintsConceptuallythis hasthe advantageof providing
aclearlyspeci ed, globally consistengeneratie modelwhose
propertiescanbe analyzedPractically our formulationavoids
the needto explicitly approximatethe kinematic constraints,
and allows us to build a functional tracker without the need
for training data.

V. SIMULATIONS

In this section,we examine the empirical performanceof
the NBP hand tracler. All resultsare basedon 720 480
images(or video sequencesiecordedby a calibratedcamera.
The physical dimensionsof the quadricscomposingthe hand
modelwere measuredfine. All messagesvererepresented
by M = 200 particles, and the result gures shav the
projectionsof the nal densityestimates' ve largestmodes.

A. Re nementof Coarse Initializations

Given a single image, NBP may be usedto progressiely
re ne a coarse,usersuppliedinitialization into an accurate
estimationof the hands con guration. SeeFig. 6 for two ex-
amplesof suchare nement.In the secondexample,notethat
theinitial nger positionsarenot only misaligned put the user
hassuppliedno information aboutthe graspingcon guration
of the hand.By the fourth NBP iteration,however, the system
hasalignedall of the joints properly In bothimages,a poorly
alignedpalm is eventually attractedto the properlocation by
well-t ngers. For theseexamples,each NBP iteration (a
completeupdateof all message# the graph)requiresabout
1 minute on a PentiumlV workstation.

B. Tempoal Tracking

Two video sequenceslemonstratinghe NBP handtracker
are available at http://ssg.mit.edu/nbp/ . Total compu-
tation time for eachvideo sequenceincluding all likelihood
calculations,is approximately4 minutesper frame. The rst
shaws the handrigidly moving in three—dimensionaspace.
The extrema of this motion are shawn in Fig. 7. The NBP
estimatesclosely track the hand throughoutthe sequence,
but are noisiestwhen the ngers point towards the camera
becausethe sharp projection angle reducesthe amount of
imageevidence.Note,however, thatthe estimateguickly lock
back onto the true hand con guration when the handrotates
away from the camera.

The secondvideo sequenceexercisesthe hand model's
joints, containingbothindividual nger motionsandcombined
graspingmotions(seeFig. 8). Our modelsupportsall of these
degreesof freedom, and maintainsaccurateestimateseven
whenthering nger is partially occludedby the middle nger
(bottomrow of Fig. 8). This robustnes¢o moderatencclusions
comesfrom our use of structural potentialsto prevent self—
intersection,and is only reliable when the hands motion is
well predictedby the dynamicalmodel.

VI. DISCUSSION

We have demonstratethatthe geometricnodelscommonly
usedfor hand tracking naturally have a graphicalstructure,
and exploited this fact to build an effective hand tracking
algorithm using nonparametricbelief propagtion. We are
currently investicgating more challenging test sequencesas
well as a rigorous comparisonof our algorithm to existing
methods.Preliminary results indicate that accuratetracking
through signi cant self—occlusionwill require a more so-
phisticatedlocal likelihood approximation,as well as richer



Fig. 6.

2 4

Two examplesof re nement of a coarsehand model initialization using NBP. We shaw resultsfollowing 1, 2, and 4 iterationsof the message

schedulein Fig. 5. Plotsshaw the projectionsof the mostsigni cant maginal modes.

Fig. 7. Four framesshaving extremaof a hands rigid motion, and the position estimategproducedby the NBP tracler.

dynamical models. In addition, we hope to use local hand
featuredetectorgo improve our methods robustness.
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