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Abstract

A systemfor recovering 3D hand pose from monocu-
lar color sequencess proposed. The systememploysa
non-linearsupervisedearning frameawvork, the specialized
mappingsarchitecture (SMA), to map image features to
likely 3D handposes TheSMAsfundamentatomponents
are a setof specializedorward mappingfunctions,anda
singlefeedba& matding function. Theforward functions
are estimatedlirectlyfromtrainingdata,which in our case
are examplesof handjoint con gurationsandtheir corre-
spondingvisualfeatues. Thejoint angledatain thetrain-
ing setis obtainedvia a CyberGlwe a glovewith 22 sen-
sors that monitorthe angular motionsof the palmand n-
gers. In training, thevisualfeaturesare genematedusinga
computergraphicsmodulethat rendes the handfrom ar-
bitrary viewpointsgiventhe22joint angles.Theviewpoint
is encodedytworealvaluestherefore 24 realvaluesrep-
resenta handpose We testour systemboth on synthetic
sequencesnd on sequencesaken with a color camea.
Thesystemautomaticallydetectsaandtracks bothhandsof
theuser calculategheappropriatefeatues,andestimates
the3D handjoint anglesandviewpointfromthosefeatuies.
Resultsare encouaging giventhe compleity of thetask.

1 Intr oduction

Theestimatiorof handposefrom visualcuess akey prob-
lemin the developmentof intuitive, non-intrusve human-
computerinterfaces. The shapeand motion of the hand
during a gesturecanbe usedto recognizethe gestureand
classifyit asa memberof a prede nedclass. The impor-
tanceof handposeestimationis evidentin otherareasas
well; e.g.,videocoding,videoindexing/retrieval, signlan-
guageunderstandinggcomputeraidedmotion analysisfor
ergonomicsetc.

In this paper we addresghe problemof recovering 3D
handposefrom a monocularcolor sequenceOur solution
to this problemmakesuseof conceptdrom stochastiovi-
sual sggmentation computergraphics,and non-linearsu-
pervisedearning.Our contributionis anautomaticsystem
thattracksthe handandestimatests 3D con gurationon
every frame, that doesnot imposeary restrictionson the
handshapedoesnotrequiremanualinitialization,andcan
easilyrecover from estimationerrors.

2 RelatedWork

Several existing systemsinclude automatedhand detec-
tion andtracking. Suchsystemstypically male restric-
tive assumptionson the domain: only handsmove, the
handsare the fastestmoving objectsin the scene[17,
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38, 40, 3, 21, 23], handsare skin colored, or they are
the only skin-coloredobjectsin the scene[21, 34]. Of-
ten the backgroundis assumedo be static, and known
[21, 8]. Somesystemaisesuchassumption$o obtainsev-
eral possibleregionswherethe handsare,andusematch-
ing with appearance-bas@dodelsto chooseamongthose
regions[38, 9]. Stochastidools, suchasKalman ltering
[34, 38, 40], canbe usedto predictthe handpositionin
a future frame. Overall, handdetectionand tracking al-
gorithmstendto performwell in restrictedervironments,
where assumptionsabout the number location, appear
anceand motion of handsare valid, and the background
is known. Reliableperformancén moregeneraldomains,
is still beyondthe currentstateof theart.

Previous systems'representatiorof hand pose varies
widely. For certain applications, hand trajectoriescan
be sufcient for gestureclassi cation[3, 23]. However,
in somedomains,knowledgeof more detailedhandcon-
guration mustbe usedto disambiguatebetweendiffer-
ent gestures;e.g.,in signedlanguages. Posecan be es-
timatedin 2D or 3D. Most 2D-basedapproachedry to
matchtheimageof the handwith view-basednodelscor-
respondingo a limited numberof prede nedhandposes
[9, 4,38, 11, 17, 35, 34]. In [20] the condensatioralgo-
rithm is usedto tracktheindex andthumbof ahand.Such
methodsarevalid in restricteddomainsjn which usersare
obsenred from a known viewpoint, performinga limited
variety of motions.

Onelimitationin view-basednethodss thatposerecog-



nition is not viewpoint invariant. Imagesof the same3D
handshapefrom differentviewpoints,or even rotatedex-
amplesof the sameimagewould be consideredifferent
poses. Someof thoselimits have beenaddressedby us-
ing multiple cameragq35], andstereo[8]; naturally such
methodswill not work in monocularsequencesOur ap-
proachwill avoid this limitation throughthe useof prob-
abilistic modeling, Specializedviappings(SMA), to map
imagefeaturego likely 3D handposes.

A relatedapproacho SMA is describedn [39], wherea
systemis trainedwith views correspondingo mary dif-
ferent hand orientationsand viewpoints. Sometraining
views are labeledwith the 3D pose catagory they cor
respondto, but most of them are unlabeled. The cate-
goriesof theunlabeledlataaretreatedasmissingvaluesin
a D-EM (DiscriminantExpectation-Maximizationframe-
work. The systemcanrecognizel4 handcon gurations,
obsened from a variety of viewpoints. A differencebe-
tweenthat approachandoursis that, in their system,the
con guration estimationis formulatedas a classi cation
problem,in which a nite numberof classesarede ned.
Our SMA approachs basednregressiomratherthanclas-
si cation, allowing for theoreticallycontinuoussolutions
of theestimationproblem.

Sometimessuchcontinuoussolutionsare preferableto
simply recognizinga limited numberof classes.For ex-
ample,in avirtual reality application,we maywantto ac-
curatelyreconstructhe handof the userin thevirtual en-
vironmentand estimatethe effects of that particularcon-
guration on the ervironment. Evenin caseswherethe
ultimategoalis classi cation,accurate3D informationcan
improve recognitionby makingit robustto viewpointvari-
ations.An importantdecisionin estimating3D poseis the
representatiomnd parameterizationLink-and-joint mod-
els are usedby [25, 31], whereasa meshmodelis used
by [10]. In thosethreesystemsthe handcon guration at
the beginning of a sequencanustbe known a priori. In
addition, self-occlusionsandfastmotionsmale it hardto
maintainaccurag while tracking. Our proposedSMA ap-
proachavoidsthesedravbacks.

SMA is relatedto machinelearningmodels[16, 12, 6,
28] thatusethe principle of divide-and-conqueto reduce
the compleity of the learningproblemby splitting it into
several simpler ones. In generalthesealgorithmstry to
t surfacesto the obseneddataby (1) splitting the input
spaceinto severalregions,and(2) approximatingsimpler
functionsto t the input-outputrelationshipinside these
regions. The splitting procesamay createa new problem:
how to optimally partition the problemsuchthat we ob-
tain severalsub-problemshatcanbe solvedusingthespe-
ci ¢ solver capabilities(i.e.,form of mappingfunctions).
In SMA's, we addresshis problemby solvingfor the par
titions andthe mappingssimultaneously

In the work of [6], hard splits of the datawere used,
i.e.,the parametersn oneregion only dependon the data
falling in thatregion. In [16], someof the drawbacksof
the hard-splitapproachwere pointedout (e.g.,increasan
thevarianceof theestimator) andanarchitecturghatuses
softsplits of thedata,the HierarchicalMixture of Experts,
wasdescribedIn this architectureasin [12], ateachlevel
of the tree, a gating network is usedto control the in u-
ence(weight) of the expert units (mappingfunctions)to
modelthe data. However, in [12] arbitrary subsetsf the
expertsunits can be chosen. Unlike thesearchitectures,

in SMA's the mappingselectionis doneusinga feedback
matchingprocesscurrently in a winnertake-all fashion,
but soft splitting is doneduring training. In applications
wherea feedbackmap canbe computedeasilyand accu-
rately, this is an importantadvantage.Also, the shapeof
the regionsthat determineownershipto given specialized
functionsis generalthereforewe donotassumeary x ed
functionalform or discriminantfunctionto de ne thesere-
gions(gatingnetworks).

With respectio work on learningbasedapproachegor
estimatingarticulatedoody pose,Point Distribution Mod-
els have beenappliedto recoveringupperbody posefrom
silhouettesor skin-coloredblobs([1, 24]. In [13], a Gaus-
sianprobability modelfor shorthumanmotion sequences
was built. However, this methodassumeshat 2D track-
ing of joints in the imageis given. In [2], the manifold
of humanbody con gurationswas modeledvia a hidden
Markov modeland learnedvia entropy minimization. In
[33] dynamicprogrammingis usedto calculatethe best
globallabelingof thejoint probability densityfunction of
the positionandvelocity of body features;t wasalsoas-
sumedhatit is possibleto trackthesefeaturesfor pairsof
frames. Theselastthreeapproachesnodelthe dynamics
of motion, a problemthatin generalrequiresmuchmore
trainingdatato build areasonablepproximatiorto theun-
derlyingprobability distribution.

3 Overview

An overview of our approacttanbeseenn Fig. 1. Firstis
rst trained,givenanumber of examplehandjoint con-
gurations areacquiredusinga CyberGloe (atapprox.15
Hz). The CyberGloe measuref2 angularDOF of the
hand. Computergraphicssoftware canbe usedto render
a shadedview of any handcon guration capturedby the
CyberGlore. Usingthis computemgraphicsenderingunc-
tion, we cangeneratea uniform sampling(with size ) on
the whole view sphere andrenderviews (images)of ev-
ery handcon guration from all sampledviewpoints. We
canthenuseimageprocessingo extractvisual feature
vectorfrom eachof theimagesgeneratedin our casewe
extractmomentbased-featuregut otherfeaturesare pos-
sible[13]. Thisprocesyieldsaset ,Where is
eachof thehandjoint con gurationsfrom eachviewpoint,
and , Where is avectorof visualfeaturescor
respondingo each

Thesesets and constitutesamplesrom the input-
outputrelationshipthatwe will attemptto learnusingour
architecture.Given a new imageof a hand,we will com-
puteits visualfeaturevector . We thencomputethe map-
ping from to the mostlikely 24 DOF handcon gura-
tion. Note thatthis mappingis highly ambiguous.In fact
therelationships mary to mary; thereforeno singlefunc-
tion canperformthis task.Usingthe Specializedvlapping
Architecture(SMA), we split (partition) this mappinginto
mary mappings Eachof thesehopefullysimplerproblems
is thensolved usinga differentspecializedunction. The
SMA learningschemesolvesfor partitionsandmappings
simultaneously

TheSMA triesto learnamultiple mappingsothat,when
performinginference,given a vector of visual features ,
anoutputin theoutputspaceof handcon gurationscanbe

1Thisvectoris thencomposeaf 22 internalposeparameterglustwo
globalorientationparameters.



provided. Ontheright columnof Fig. 1, a diagramof the
inferenceprocessds shawvn. First video inputis obtained,
andusinga segmentatiormodule regionswith highlik eli-
hoodof beingskin coloredarefound. Fromtheseregions
we extractvisual featurege.g.,moments).Thenthe given
vectorof visualfeatures is presentedo SMA, whichgen-
eratesseveraloutputestimatespneof whichis choserus-
ing a de ned costfunction. Most of the details,including
the processe®f learningandinferenceby SMA are pre-
sentedn thefollowing sections.

Our approachcan easily integrate different choicesof
features. Furthermorethe sameapproachcanbe usedto
estimatehe poseof articulatedobjectsotherthanhands.

4 Hand ShapeRepresentation

The handmodelthat we useis implementedn the Virtu-

alHandprogrammindibrary [36]. The parameter®f the
modelare 22 joint angles.For the index, middle, ring and
pinky nger, thereis ananglefor eachof thedistal, proxi-

mal andmetacarpophalangeglints. For thethumb,there
is aninnerjoint angle,anouterjoint angleandtwo angles
for thetrapeziometacarpgbint. Therearealsoabduction
anglesbetweenthe following pairs of successie ngers:

index/middle, middle/ring and ring/pinky. Finally, there
is an anglefor the palm arch, an angle measuringwrist

e xion andan anglemeasuringwrist bendingtowardsthe
pinky nger.

The VirtualHandlibrary providestools that canrender
anarti cial handfrom anarbitraryviewpoint, givenvalues
for the 22 angles.Fig. 3 shavs examplesof handrender
ings. Usinga CyberGlore (manufcturedby VirtualTech-
nologies)we collectedabout2,400examplesof handposes
(parameterizeds vectorscontainingthe 22 angles). We
renderedeachposefrom 86 differentviewpoints. Those
viewpointsformedanapproximatelyuniformly distributed
seton the surfaceof a spherecenteredat the hand. The
syntheticimagesobtainedthis way were usedfor training
andtestingasdescribedn the experimentalresults. The
VirtualHandlibrary wasalsousedto reconstructhe esti-
mated3D handshapefor testingdata,basedon the output
of our system.

5 Learning Algorithm

Theestimatiorparadigmusedin this work consistof map-
ping the obsened low-level visual featuresto handjoint
con gurations. The underlyingapproachfor nding this
mappingis basedon the SpecializedviappingsArchitec-
ture (SMA), anon-linearsupervisedearningarchitecture.

Given an input and output space  and respec-
tively, SMA's consistof several specializedorward map-
ping functions and a feedbak matding
function , Whichin this caseis known (visual
featurescanbe obtainedgiventhe joint con gurationsby
usingcomputemgraphicsbasedendering).

In orderto estimate¢hesemappingsyve useasupervised
learningapproachwith trainingdata , with

aninput-outputpair (visualfeaturesandhand

joint anglesrespectrely).

Ourarchitecturegeneratesiseriesof  functions in
which eachof thesefunctionsis specializedto map cer
tain inputs (their specializeddomain) betterthan others.
The specializedlomaincanbefor examplearegion of the
input space.However, this specializeddomainof  can
be more generalthanjust a connectedegion in the input
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Figure2: SMA diagramillustrating(a) anestimatedSMA model
with  specializedunctionsmappingsubset®f thetrainingdata
(eachsubsets dravn with a differentcolor) and(b) theinference
processn whichagivenobsenrationis mappedy all thespecial-
izedfunctions,andthenafeedbackmatchingstepis performedo

choosehebestof the  estimates.

space We proposeo determinghesespecializedlomains
andfunctionssimultaneously

Fig. 2(a) illustratesthe basicidea of this model. We
usedifferentcolors (gray-levels) to representhe domain
of eachspecializedunction. At initialization randomcol-
orsareassignedo eachpoint,thegoalisto nd anoptimal
mappingandpartitionthatis ef cient in reducingsomeer-
ror function. Oncethe modelhasbeenlearnedour map-
ping maylook like Fig. 2(a),in which eachfunction is
in chageof mappingcertaininputsonly.

5.1 Probabilistic Model
Let the training setsof output-inputobsenationsbe

, and respectiely.
We will use to de ne a given output-input
trainingpair, representsur obsenedtrain-
ing set.
De ne the unobsered randomvariables  with
and . In our modelthevariables

have domainthe discreteset of labelsfor
the specializedunctions,and canbe thoughtasthe func-
tion numberusedto mapdatapoint , therefore is the
numberof specializedunctionsin themodel.

De ne the model parameters ,
where representshe parameter®f the mappingfunc-
tion . Thevector ,where represent

Using Bayes‘ rule and assumingndependencamong

obsenations,we have thejoint probability of the obsered
andhiddenvariableconditionedonourmodelparameters:

@)



5.2 SMA Parameter Estimation and the EM Al-
gorithm

The optimization problemde ned by Eq. 1 is computa-
tionally very expensve. Here,the probabilisticparameter
estimationproblemis approachedinderthe Expectation
Maximization(EM) algorithmframework [5]. We usethe
notationfollowedby [22].

NotethatEq. 1 makesreferenceo astill unde neddis-
tribution . Several optionshad beenproposed
[27]. Herewe will usea Gaussiardistribution with mean
de ned by the error incurredin using the possibly non-
linearfunction  asa mappingfunction, anda variance

(2)

Using this distribution, the E-stepconsistsof nding
. In our casethisfactorizesas:

3)

-~
n
L

The M-step consists of nding
Using our model, it

canbeshavn that:

5)
This gives the following updaterules for and
(whereLagrangemultipliers were usedto incorporatethe
constraint .

5.3 StochasticLearning

The updateequationsdescribedabove are usefulto nd
a local minimum given the initial valuesof the parame-
ters. In orderto improve this processand avoid someof
thelocal minimathatinevitably arise,we useanannealing

scheduleon the probabilitiesduring the M-step. In
thisway, we rede ne:

9)

In our experimentghetemperaturgparameter decays
exponentially This stepnot only doeshelp in avoiding
local minima, but it alsocreatesgwo desirableeffects. It

forces to be binary (either or ) at low
temperaturesasa consequenceachpoint will tendto be
mappedy only onespecializedunctionattheendof opti-

mization.Moreover, it makes ( ) be
fairly evenat high temperaturesnakingthe optimization
lessdependentninitialization.

Notethatthereis no closedform solutionfor the M-step
asdescribedibove. In practicewe have decidedo perform
two or threeiterationsper M-step. Anothersourceof ran-
domnessaddedto the processso far describedconsistan
choosingdatapointsrandomlyuniformly distributedwhen
performingthe M-step. Thesetwo variantsof the M-step
have beenjusti ed in the senseof a partial M-step[22].

5.4 FeedbackMatching

Oncethe modelparametertiave beenestimatedeachspe-
cializedfunction maps(with differentlevels of accuray)
the whole input space. Therefore the following question
arises:duringreconstructiongivena pointin input space,
how dowe choosehemappingfunction  thatshouldbe
usedto mapthis point?

Fig. 2(b) illustratesthe inferenceprocess. When gen-
eratingan estimate of body posegivenaninput (the

(GEray pointwith a darkcontourin the lower plane),SMA's

eneratea seriesof outputhypotheses obtained
using , with (illustratedby eachof the
pointspointedby the arrons). Giventheset , we de ne

Theupdatefor  dependontheform of . Herewe
have chosera non-linearfunctionof theform:
8
where isthe componenbf thevisualfeaturevec-
tor, and areweightsandbiasegpartof ),

and areasigmoidalandlinearfunctionrespectiely,
and arethe numberof nodesin eachlayer, and is just
thedimensionindex of theoutputvector Thisisal-hidden
layerfeed-fornardnetwork.

Unfortunately usingthis function (asit would be by us-
ing mostnon-linearfunctions)forcesusto useiterative op-
timizationfor the M-step.

tthemostaccuraténypothesigo bethatonethatminimizes

thefunction , over , in this papemwe use:
(10)
andmake , Where s the covariancematrix of
theelementsn theset (i.e.theinputvectorsin ourtrain-
ing set)and is the assignedabel. In Fig. 2(b) we can

seethat eachof the pointsin the outputspaceis mapped
backto theinputspacepncein this spacethesepointscan
be compared(using a given costfunction e.g.,Eq. 10) to
theinitial input obsenation. Theform of the costfunction
could vary, using Eq. 10 is the sameas assumminghat

6 Hand Detectionand Segmentation

Someof ourtestdataconsistof videosequencesollected
with a color digital camera.In thosesequencethe back-
groundis static, thereis only one personpresentandthe



personis facing towardsthe camera. Our systemtracks
both handsof the userautomatically using a skin color
tracker.

In the rst frame of the sequencethe tracker needsto
beinitialized, by locatingin theimagethe objectsthatwe
wantto track. Thatcouldbedoneby applyinga skin detec-
tor system]ik e the onedescribedn [15]. However, using
that detectoy clothesare labeledas skin, sometimeshe-
causeof their color.

We canlocateand seggmentthe handsmore accurately
usingthe fact that their color is very similar to the color
of theface. The positionof thefacecanbe foundreliably
using a facedetectorsystem[29]. For eachpixel in the
detectedacewe computea measureof how skin-like the
pixel coloris. Thatmeasuras basedn histogramof skin
andnon-skincolordistributions,computedrom adatabase
of thousand®f imagesin which regionswerelabeledas
skinandnon-skin.Thoselabeledmageswereframesfrom
commerciallyavailableDVD movies.

We selecthetop 50%of thepixelsin theface for which
the measureof skin similarity is the highest. For eachof

thosepixels we computeits  color (

), andwe nd the mean color of all selected
pixels. Then,for eachpixelin theimage,we calculatethe
distanceof its  color from the mean  color. We la-
bel asskin all pixels for which that distanceis lessthan
a threshold. The thresholdwe useis 17, for RGB values
between0 and255. The objectswe wantto track arethe
threelargestconnectedomponentsf theskin pixels. One
of themoverlapswith the face,andthe othertwo arecon-
sideredto bethe hands.We initialize the skin tracker with
the positionof the faceand handregions, andthe tracker
locatesthe faceandhandsin therestof theframesin each
sequence.

The skin tracker modelsskin color distribution asa his-
togramin HSV space. It can handledistributions that
changefrom oneframeto the next, becausef varyingil-
lumination or motion with respectto light sources. The
changesn skin color thatoccurin a new framearemod-
eled asthe resultsof translating,rotating and scalingthe
currenthistogram. Furthermore the evolution of the his-
togramis modeledasa second-ordeMarkov processThe
trackeris initialized in the rst frame,by beingtold which
regionsto track, andit estimategheinitial color distribu-
tion. In the next 8-30 frames,in additionto trackingand
adaptingthe skin color histogramijt alsolearnsthe param-
etersof the Markov process. After the learningstage,it
usesthoseparametergo predictthe color distribution in
every nen frame,while still updatingthe Markov model,
basedon the actualhistogramthatis obseredin the new
frame. The learningand tracking stageare explainedin
detailin [32].

Oursimplehanddetectiorandtrackingalgorithmwould
notwork at ary framewherethe handsoverlapwith each
other or with the face. In our video sequencesve took
careto avoid suchsituations. Our systemcould be made
moregeneraby includingmodulego predictocclusionof
an objectby anotherandto detectwhenthoseobjectsare
separatedgain.A similar approacthasbeensuccessfully
appliedin thedomainof multiple persortrackingwith oc-
clusionhandling[26].

7 Experimental Results

The describedapproachwas testedin experimentswith

trainingdataconsistingof approximate\30 sequencesb-
tainedthroughthe useof a Cybeglove. Input-outputpairs
weregeneratedisingcomputegraphicsby renderingrom

86 viewpointsroughly uniformly distributed on the view

sphere Theoutputconsistedf 24 joint anglesof ahuman
handlinearly encodedy nine real valuesusing Principal
Componeninalysis(PCA).

The input consistedof seven real-valuedHu moments
[14] computedbnsyntheticallygeneratedilhouetteof the
hand. Hu momentsare functions of centralimage mo-
ments. They areinvariantto translation,scaling,andro-
tation on theimageplane. Theseinvariancesasethe ob-
senationprocesge.g.,we do not needto be concernabout
whereandhow largethehandappear®ntheimage).How-
ever, rotationinvariancemakeshandrotationparallelto the
imageplaneunobserable.For therealexperimentobser
vation inputs were obtainedtracking skin color distribu-
tions[32].

Approximately300,000magesweregeneratedynthet-
ically. Of these8,000wereusedfor training andthe rest
for testing. We usedcross-alidationfor early stopping
thetrainingprocedureandavoid over tting. In the experi-
mentsshavn, the numberof specializedunctionswasset
to 30. Eachof thesdunctionswasaonehiddenlayer, feed-
forward network with 5 hiddenneurons. The annealing
schedulevas  where wastheiterationnumberin the
EM algorithm. Otherexperimentswvere performedto test
thecorvergenceand tting propertieof themodel,dueto
spacdimitationstheseresultswill not be presentedn this
paper

7.1 Quantitati ve Experiments

Fig. 3 shavs example hand con guration estimatesob-
tained in representatie test frames (not in the training
set). Syntheticimageswere usedin this experiment,be-
causgyround-truthdatawasavailablefor quantitatve per
formanceevaluation. As canbe seenin the gure, self-
occludingcon gurationsareobviously harder but still the
estimateis closeto ground-truthgiven that no humanin-
terventionnor poseinitialization wasrequired.

In order to provide quantitatve measuresof perfor
mancetestdatawasusedto generateriewpointdependent
error measuresFig. 4 shavs the meansquarederror and
its varianceper viewpoint at the equator4(a) and at dif-
ferentlatitudes4(b). Notein 4(a) that for views on the
equatortheerroris smallerfor longitudescloserto  radi-
ans,this corresponds$o a view of the palm (from different
latitudes). Theseperformancelifferencesare mostlik ely
dueto thatatside-viav angleghereis anincreasecamount
of self-occlusionandalsobecausehe projectionsinvolve
fewer pixels,reducingthe samplesisedto calculateimage
moments. In 4(b) we canobsenre that reconstructiorer
rorsincreasatthepolesof theview spherewherethereis
alsolittle informationprojectedto theimageplane.While
the MSE resultis encouragingthe variancesuggestshat
certainhand posesare not accuratelyrecovered(we dis-
cover they mostly correspondo complex handcon gura-
tionscomingfrom the AmericanSignLanguagepartof our
data).
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Figure4: Quantitatve experimentalresults. Meansquareerror
in the reconstructioris shavn in (a) taken at the equatorof the
view sphereyarying the longitudeand(b) at differentlatitudes,
averagingover all the longitudes.Longitude andlatitude ra-
diansrepresents view towardsthe palmof thehand.

7.2 Experimentswith Real Sequences

In thenext setof experimentsye testedhe systemagainst
realsggmentedsisualdata. Thesequenceweresegmented
to yield blobsthat correspondedo handsin eachframe,
as describedin Sec.6. The resultingreconstructiorfor

several relatively complex gesturesequencess showvn in

Fig. 5. Note thatgivenblob images,recovering 3D hand
poseis a dif cult task even for a humanobsenrer. This
dif culty is increasedby performinginferencefrom blob
moments,obviously with an inferior descriptve power.

Methodsfor addressinghis issuewill be coveredfurther
in Sec.8.

7.3 3D ReconstructionReliability

It shouldbenotedthatSMA's canprovide ameasuref re-
constructiorreliability by usingthelog-probabilitiescom-
putedin Eqg. 10. Ambiguousinputscanbe discoreredby
looking at therelative scoreggivenby Eg. 10 (anotherop-
tionistolook attheentroyy of ). Thisis extremely
importantbecauseven thoughthe forward mapsare de-
signedto handleambiguitiestheinferenceproces<learly
still suffersfrom ambiguities.Thereforejt canbeimpossi-
ble to recarer somecon gurationswith enoughreliability.
As anexample,in Fig. 5, the con gurations5-6 have low

reliability score,even thoughwe obtain good estimates.

Someof the competinghypotheseénclude estimateghat
are also consistent(in termsof the visual featuresused)
with theinput presentedandsomeof theseconsistenhy-

pothesisarefar from the true 3D reconstruction.Thus, it

wasvery likely to chooseone of the badestimatesnstead
of thegoodonesshawn in con gurations5-6.

8 Discussionand Conclusions

In this paperwe addressedthe problemof recovering 3D
handposefrom a monocularcolor sequence.The main
contributionsof ourwork are:

1. A single obsened frame can be usedfor estimatior.
As a consequence)o manualinitialization is required.
Furthermorethesequenceanstartwith thehandin ary
positionandorientation.

2. No limitation is imposedin the cameraviewpoints al-
lowed.

3. The systemdoesregressionrather than classi cation,
therebyproviding a continuumof poseestimatesather
thanrecognizinga nite numberof classes.

4. A novel non-linear supervisedearning framework is
adaptedo theposeestimatiorproblem.Thisframeawork
allows us, amongotherthings, to avoid the pitfalls of
explicit trackingandto measuraeliability of estimates
duringinference.

5. Reconstructiomanbeaccomplishedt nearframerate.

The main adwantageof using SMA's in this domain
over otherfunction estimationparadigmss thatit allows
modelingof the ambiguousnput-outputrelationshipghat
arise. For instancedifferenthandcon gurationscangen-
eratethe samevisual featuresdueto self-occlusion.Dif-
ferentvisual featurescanbe relatedto a singlehandcon-
guration, dueto inaccurateobsenationsor variationsin
handmorphology SMA's splits (partitions)the problem
into simplermappingproblems.This allows for modeling
differentpartsof the output spaceindependentlyaswell
ascomputationof multiple possiblecon gurationsin am-
biguoussituations. However, so far we chooseone esti-
mateonly. Thisis aninterestingaspecnot fully addressed
in this paper Sec.7.3 extendsallittle onthistopic.

In our currentimplementationtemporalcontext is not
usedfor improving the outputestimatesduring mapping,
but only for sgmentation.The handposeis re-estimated
at every frame given the sggmenteddata. We expectthat
using previous estimatesn computingthe currenthand
shapewill improve accurag, and we plan to extend our
approachto allow this. However frameindependencal-
lows a very attractve inferencetime of , with
specializedunctions.

Our algorithm could be usedas a front end in several
gesturerecognitionapplicationghattake the handcon g-
urationasinput. Currentsystemgely almostexclusively
on non-visiontechniquego obtainsuchdata,suchasCy-
berGloves[7, 18, 19, 30] andcolor markers[11]. An au-
tomatedcomputervision techniquelike oursimposesno
restrictionson users It canalsobeusedin domainswvhere
we do not have control of the datacollection, andthere-
fore we cannotrequirethe useof moresophisticatednput
devices.

In future work, we planto experimentwith setsof fea-
turesthat are richer and more descriptve thanbinary sil-
houettesg.g.,orientationhistogramspr othertexture fea-
tures. Using stereoshould further increasethe accuray
of the system by providing moreshapeconstraintghana
single2D imagedoes.Finally, moresophisticateanodels
of temporaldependenciedik e linear GaussiarModelsin
generall1l, 34, 37], couldbeusedin thefeedbackmatch-
ing to guidethe choiceof bestreconstruction.

Even thoughwe have a useful estimateof con dence,
givenby Eq.10,we arelooking atalternatvesfor decreas-
ing the errorvariance.3D Handposereconstructiorfrom
a singleimageis a very dif cult task, andat presentno
fully-generalsolutionto the problemexists. Our results
shaw thatit is possibleto approachthis problemusinga
combinationof vision and statisticallearningtools. We
considetthis animportantstepconsideringhe compleity
of the taskandthe low descriptie power of the features
currentlyemployed.

2We insistthatin applicationswherehighly correlatedramescanbe
obsenred, it is imperatve to usethis temporalinformation. However, the
ability of our framewvork to estimatehandposegivenonly a singleframe
affords automatidnitialization, fasterestimation,andcould be usedasa
bootstrapmechanisnin morecomplex systems.
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Figure 3: Example reconstructionof several synthetic test sequences. Each set (2 rows each) consistsof (a)input images,
(b)reconstruction. Becauseour approachcan provide us with a reconstructioncon dence, we usedthis to shav high-medium-lav
con denceestimategonepair of rows each).

Figure 5: Reconstructiorobtainedfrom performinghandsegmentationin a humansubject. The two top pairs of rows shav good
reconstructiorwhile the bottom pair shav examplesof bad performance. Reconstructioris shavn from a x ed viewpoint (latitude
-longitude rads.).



