
BostonUniversityComputerScienceTech.ReportNo. 2000-22,Dec.2000(revisedApr. 2001).
To Appearin Proc.IEEE Inter national Conf. on Computer Vision (ICCV). Canada.Jul.2001.

3D HandPoseReconstructionUsingSpecializedMappings
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Abstract
A systemfor recovering 3D hand pose from monocu-
lar color sequencesis proposed. The systememploysa
non-linearsupervisedlearningframework, thespecialized
mappingsarchitecture (SMA), to map image features to
likely3D handposes.TheSMA'sfundamentalcomponents
are a setof specializedforward mappingfunctions,anda
singlefeedback matching function. Theforward functions
areestimateddirectlyfromtrainingdata,which in our case
are examplesof handjoint con�gurationsandtheir corre-
spondingvisualfeatures.Thejoint angledatain thetrain-
ing setis obtainedvia a CyberGlove, a glovewith 22 sen-
sors that monitortheangularmotionsof thepalmand�n-
gers. In training, thevisualfeaturesare generatedusinga
computergraphicsmodulethat renders thehandfrom ar-
bitrary viewpointsgiventhe22joint angles.Theviewpoint
is encodedbytworealvalues,therefore24realvaluesrep-
resenta handpose. We testour systemboth on synthetic
sequencesand on sequencestaken with a color camera.
Thesystemautomaticallydetectsandtracksbothhandsof
theuser, calculatestheappropriatefeatures,andestimates
the3D handjoint anglesandviewpointfromthosefeatures.
Resultsareencouraginggiventhecomplexity of thetask.

1 Intr oduction
Theestimationof handposefrom visualcuesis akey prob-
lem in thedevelopmentof intuitive,non-intrusive human-
computerinterfaces. The shapeand motion of the hand
duringa gesturecanbeusedto recognizethegestureand
classifyit asa memberof a prede�nedclass.The impor-
tanceof handposeestimationis evident in otherareasas
well; e.g.,videocoding,videoindexing/retrieval, sign lan-
guageunderstanding,computer-aidedmotion analysisfor
ergonomics,etc.

In this paper, we addresstheproblemof recovering3D
handposefrom a monocularcolor sequence.Our solution
to this problemmakesuseof conceptsfrom stochasticvi-
sualsegmentation,computergraphics,andnon-linearsu-
pervisedlearning.Ourcontributionis anautomaticsystem
that tracksthehandandestimatesits 3D con�guration on
every frame,that doesnot imposeany restrictionson the
handshape,doesnot requiremanualinitialization,andcan
easilyrecover from estimationerrors.

2 RelatedWork
Several existing systemsinclude automatedhand detec-
tion and tracking. Suchsystemstypically make restric-
tive assumptionson the domain: only handsmove, the
handsare the fastestmoving objects in the scene[17,
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Figure1: Handposeestimationoverview.

38, 40, 3, 21, 23], handsare skin colored, or they are
the only skin-coloredobjectsin the scene[21, 34]. Of-
ten the backgroundis assumedto be static, and known
[21, 8]. Somesystemsusesuchassumptionsto obtainsev-
eralpossibleregionswherethehandsare,andusematch-
ing with appearance-basedmodelsto chooseamongthose
regions[38, 9]. Stochastictools,suchasKalman�ltering
[34, 38, 40], can be usedto predict the handposition in
a future frame. Overall, handdetectionand tracking al-
gorithmstendto performwell in restrictedenvironments,
where assumptionsabout the number, location, appear-
anceandmotion of handsarevalid, and the background
is known. Reliableperformancein moregeneraldomains,
is still beyondthecurrentstateof theart.

Previous systems'representationof hand posevaries
widely. For certain applications,hand trajectoriescan
be suf�cient for gestureclassi�cation [3, 23]. However,
in somedomains,knowledgeof moredetailedhandcon-
�guration must be usedto disambiguatebetweendiffer-
ent gestures;e.g.,in signedlanguages. Posecan be es-
timated in 2D or 3D. Most 2D-basedapproachestry to
matchthe imageof thehandwith view-basedmodelscor-
respondingto a limited numberof prede�nedhandposes
[9, 4, 38, 11, 17, 35, 34]. In [20] the condensationalgo-
rithm is usedto tracktheindex andthumbof ahand.Such
methodsarevalid in restricteddomains,in whichusersare
observed from a known viewpoint, performinga limited
varietyof motions.

Onelimitation in view-basedmethodsis thatposerecog-



nition is not viewpoint invariant. Imagesof the same3D
handshapefrom differentviewpoints,or evenrotatedex-
amplesof the sameimagewould be considereddifferent
poses. Someof thoselimits have beenaddressedby us-
ing multiple cameras[35], andstereo[8]; naturally, such
methodswill not work in monocularsequences.Our ap-
proachwill avoid this limitation throughthe useof prob-
abilistic modeling,SpecializedMappings(SMA), to map
imagefeaturesto likely 3D handposes.

A relatedapproachto SMA is describedin [39], wherea
systemis trainedwith views correspondingto many dif-
ferent handorientationsand viewpoints. Sometraining
views are labeledwith the 3D posecategory they cor-
respondto, but most of them are unlabeled. The cate-
goriesof theunlabeleddataaretreatedasmissingvaluesin
a D-EM (DiscriminantExpectation-Maximization)frame-
work. The systemcanrecognize14 handcon�gurations,
observed 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.
OurSMA approachis basedonregressionratherthanclas-
si�cation, allowing for theoreticallycontinuoussolutions
of theestimationproblem.

Sometimes,suchcontinuoussolutionsarepreferableto
simply recognizinga limited numberof classes.For ex-
ample,in a virtual reality application,we maywantto ac-
curatelyreconstructthehandof theuserin thevirtual en-
vironmentandestimatethe effectsof that particularcon-
�guration on the environment. Even in caseswherethe
ultimategoalis classi�cation,accurate3D informationcan
improverecognitionby makingit robustto viewpointvari-
ations.An importantdecisionin estimating3D poseis the
representationandparameterization.Link-and-jointmod-
els are usedby [25, 31], whereasa meshmodel is used
by [10]. In thosethreesystems,thehandcon�guration at
the beginning of a sequencemustbe known a priori . In
addition,self-occlusionsandfastmotionsmake it hardto
maintainaccuracy while tracking.Our proposedSMA ap-
proachavoidsthesedrawbacks.

SMA is relatedto machinelearningmodels[16, 12, 6,
28] thatusetheprincipleof divide-and-conquerto reduce
thecomplexity of the learningproblemby splitting it into
several simpler ones. In generalthesealgorithmstry to
�t surfacesto the observeddataby (1) splitting the input
spaceinto several regions,and(2) approximatingsimpler
functionsto �t the input-outputrelationshipinside these
regions. Thesplitting processmaycreatea new problem:
how to optimally partition the problemsuchthat we ob-
tainseveralsub-problemsthatcanbesolvedusingthespe-
ci�c solver capabilities(i.e.,form of mappingfunctions).
In SMA's,we addressthis problemby solvingfor thepar-
titionsandthemappingssimultaneously.

In the work of [6], hard splits of the datawere used,
i.e.,the parametersin oneregion only dependon the data
falling in that region. In [16], someof the drawbacksof
the hard-splitapproachwerepointedout (e.g.,increasein
thevarianceof theestimator),andanarchitecturethatuses
softsplitsof thedata,theHierarchicalMixture of Experts,
wasdescribed.In thisarchitecture,asin [12], ateachlevel
of the tree,a gatingnetwork is usedto control the in�u-
ence(weight) of the expert units (mappingfunctions)to
modelthe data. However, in [12] arbitrarysubsetsof the
expertsunits can be chosen. Unlike thesearchitectures,

in SMA's themappingselectionis doneusinga feedback
matchingprocess,currently in a winner-take-all fashion,
but soft splitting is doneduring training. In applications
wherea feedbackmapcanbe computedeasilyandaccu-
rately, this is an importantadvantage.Also, the shapeof
the regionsthatdetermineownershipto givenspecialized
functionsis general;therefore,wedonotassumeany �x ed
functionalform or discriminantfunctionto de�ne thesere-
gions(gatingnetworks).

With respectto work on learningbasedapproachesfor
estimatingarticulatedbodypose,PointDistribution Mod-
elshave beenappliedto recoveringupper-bodyposefrom
silhouettesor skin-coloredblobs[1, 24]. In [13], a Gaus-
sianprobabilitymodelfor shorthumanmotionsequences
wasbuilt. However, this methodassumesthat 2D track-
ing of joints in the imageis given. In [2], the manifold
of humanbody con�gurationswasmodeledvia a hidden
Markov modeland learnedvia entropy minimization. In
[33] dynamicprogrammingis usedto calculatethe best
global labelingof the joint probabilitydensityfunctionof
thepositionandvelocity of body features;it wasalsoas-
sumedthatit is possibleto trackthesefeaturesfor pairsof
frames. Theselast threeapproachesmodel the dynamics
of motion, a problemthat in generalrequiresmuchmore
trainingdatato build areasonableapproximationto theun-
derlyingprobabilitydistribution.

3 Overview
An overview of ourapproachcanbeseenin Fig. 1. First is
�rst trained,givena number � of examplehandjoint con-
�gurationsareacquiredusingaCyberGlove(atapprox.15
Hz). The CyberGlove measures22 angularDOF of the
hand. Computergraphicssoftwarecanbe usedto render
a shadedview of any handcon�guration capturedby the
CyberGlove.Usingthiscomputergraphicsrenderingfunc-
tion, we cangeneratea uniform sampling(with size � ) on
the whole view sphere,andrenderviews (images)of ev-
ery handcon�guration from all sampledviewpoints. We
canthenuseimageprocessingto extractvisual feature���

vectorfrom eachof the imagesgenerated;in our casewe
extractmomentbased-features,but otherfeaturesarepos-
sible[13]. Thisprocessyieldsaset �����
	���
 , where��� is
eachof thehandjoint con�gurationsfromeachviewpoint1,
and �����
	���� , where ��� is a vectorof visual featurescor-
respondingto each�

� .
Thesesets 
 and � constitutesamplesfrom the input-

outputrelationshipthatwe will attemptto learnusingour
architecture.Givena new imageof a hand,we will com-
puteits visualfeaturevector � . We thencomputethemap-
ping from � to the most likely 24 DOF handcon�gura-
tion. Note that this mappingis highly ambiguous.In fact
therelationshipis many to many; thereforenosinglefunc-
tion canperformthis task.UsingtheSpecializedMapping
Architecture(SMA), we split (partition)this mappinginto
many mappings.Eachof thesehopefullysimplerproblems
is thensolved usinga differentspecializedfunction. The
SMA learningschemesolvesfor partitionsandmappings
simultaneously.

TheSMA triesto learnamultiplemappingsothat,when
performinginference,givena vectorof visual features� ,
anoutputin theoutputspaceof handcon�gurationscanbe

1Thisvectoris thencomposedof 22internalposeparametersplustwo
globalorientationparameters.



provided. On theright columnof Fig. 1, a diagramof the
inferenceprocessis shown. First video input is obtained,
andusingasegmentationmodule,regionswith high likeli-
hoodof beingskin coloredarefound. Fromtheseregions
we extractvisual features(e.g.,moments).Thenthegiven
vectorof visualfeatures� is presentedto SMA, whichgen-
eratesseveraloutputestimates,oneof which is chosenus-
ing a de�ned costfunction. Most of thedetails,including
the processesof learningandinferenceby SMA arepre-
sentedin thefollowing sections.

Our approachcan easily integratedifferent choicesof
features.Furthermore,the sameapproachcanbe usedto
estimatetheposeof articulatedobjectsotherthanhands.

4 Hand ShapeRepresentation
The handmodelthat we useis implementedin theVirtu-
alHandprogramminglibrary [36]. The parametersof the
modelare22 joint angles.For the index, middle,ring and
pinky �nger, thereis ananglefor eachof thedistal,proxi-
mal andmetacarpophalangealjoints. For thethumb,there
is aninner joint angle,anouterjoint angleandtwo angles
for the trapeziometacarpaljoint. Therearealsoabduction
anglesbetweenthe following pairsof successive �ngers:
index/middle, middle/ring and ring/pinky. Finally, there
is an anglefor the palm arch, an anglemeasuringwrist
�e xion andananglemeasuringwrist bendingtowardsthe
pinky �nger.

The VirtualHandlibrary providestools that canrender
anarti�cial handfrom anarbitraryviewpoint,givenvalues
for the22 angles.Fig. 3 shows examplesof handrender-
ings. Usinga CyberGlove (manufacturedby VirtualTech-
nologies)wecollectedabout2,400examplesof handposes
(parameterizedasvectorscontainingthe 22 angles). We
renderedeachposefrom 86 differentviewpoints. Those
viewpointsformedanapproximatelyuniformly distributed
seton the surfaceof a spherecenteredat the hand. The
syntheticimagesobtainedthis way wereusedfor training
andtestingasdescribedin the experimentalresults. The
VirtualHandlibrary wasalsousedto reconstructthe esti-
mated3D handshapefor testingdata,basedon theoutput
of oursystem.

5 Learning Algorithm
Theestimationparadigmusedin thiswork consistof map-
ping the observed low-level visual featuresto handjoint
con�gurations. The underlyingapproachfor �nding this
mappingis basedon the SpecializedMappingsArchitec-
ture(SMA), anon-linearsupervisedlearningarchitecture.

Given an input and output space ��� and ��� respec-
tively, SMA's consistof severalspecializedforward map-
ping functions ���	���
���
��� anda feedback matching
function �����������
� , which in this caseis known (visual
featurescanbe obtainedgiven the joint con�gurationsby
usingcomputergraphicsbasedrendering).

In orderto estimatethesemappings,weuseasupervised
learningapproachwith trainingdata � � ���
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�#" aninput-outputpair(visualfeaturesandhand
joint anglesrespectively).

Ourarchitecturegeneratesa seriesof $ functions �%� in
which eachof thesefunctionsis specializedto map cer-
tain inputs (their specializeddomain)better than others.
Thespecializeddomaincanbefor examplea regionof the
input space.However, this specializeddomainof �

� can
be moregeneralthanjust a connectedregion in the input

(a)

(b)

Figure2: SMA diagramillustrating(a)anestimatedSMA model
with & specializedfunctionsmappingsubsetsof thetrainingdata
(eachsubsetis drawn with adifferentcolor)and(b) theinference
processin whichagivenobservationis mappedby all thespecial-
izedfunctions,andthenafeedbackmatchingstepis performedto
choosethebestof the & estimates.

space.We proposeto determinethesespecializeddomains
andfunctionssimultaneously.

Fig. 2(a) illustratesthe basic idea of this model. We
usedifferentcolors (gray-levels) to representthe domain
of eachspecializedfunction. At initialization randomcol-
orsareassignedto eachpoint,thegoalis to �nd anoptimal
mappingandpartitionthatis ef�cient in reducingsomeer-
ror function. Oncethe modelhasbeenlearnedour map-
ping may look like Fig. 2(a), in which eachfunction �

� is
in chargeof mappingcertaininputsonly.

5.1 Probabilistic Model
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Using Bayes' rule and assumingindependenceamong
observations,wehavethejoint probabilityof theobserved
andhiddenvariablesconditionedonourmodelparameters:
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5.2 SMA Parameter Estimation and the EM Al-
gorithm

The optimizationproblemde�ned by Eq. 1 is computa-
tionally very expensive. Here,theprobabilisticparameter
estimationproblemis approachedunderthe Expectation
Maximization(EM) algorithmframework [5]. We usethe
notationfollowedby [22].

NotethatEq.1 makesreferenceto a still unde�neddis-
tribution

G

�#� � I 5 �1 ? " . Several optionshadbeenproposed
[27]. Herewe will usea Gaussiandistribution with mean
de�ned by the error incurred in using the possiblynon-
linear function ��� asa mappingfunction, anda variance
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The M-step consists of �nding ?

�

�

#

�

2�3146572�8

!�9;:

<>=@?BADC E�F

4

G

�;:
 

� I ?
"$G . Using our model, it

canbeshown that:

?

�

�

#

�

2�3�4657208

!

H

�

H

I

	$���

�

G

�

�

#

�;5
�2"

C E�F

4

G

�;�
�

I 5
�! 

?
"1J

E�F

4

G

� 5
�

I ?
"$G2*

(5)
This gives the following updaterules for B
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Theupdatefor ?F� dependson the form of � � . Herewe
havechosena non-linearfunctionof theform:
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where
Y

� is the 6
K\[�] componentof thevisualfeaturevec-

tor, ^
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(

# areweightsandbiases(partof ?=� ), N
�

and N
( area sigmoidalandlinear functionrespectively, _ �

and _ ( arethenumberof nodesin eachlayer, and ` is just
thedimensionindex of theoutputvector. Thisisa1-hidden
layerfeed-forwardnetwork.

Unfortunately, usingthis function(asit would beby us-
ing mostnon-linearfunctions)forcesusto useiterativeop-
timizationfor theM-step.

5.3 StochasticLearning
The updateequationsdescribedabove are useful to �nd
a local minimum given the initial valuesof the parame-
ters. In orderto improve this process,andavoid someof
thelocalminimathatinevitably arise,weuseanannealing
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In our experimentsthetemperatureparameteri decays
exponentially. This stepnot only doeshelp in avoiding
local minima, but it alsocreatestwo desirableeffects. It

forces
�
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�;5 � �ja " to be binary (either 7 or k ) at low
temperatures,asa consequenceeachpoint will tendto be
mappedby only onespecializedfunctionattheendof opti-

mization.Moreover, it makes
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� 5 � �	H " ( H � 7 *�* $ ) be
fairly evenat high temperatures,makingtheoptimization
lessdependenton initialization.

Notethatthereis noclosedform solutionfor theM-step
asdescribedabove. In practicewehavedecidedto perform
two or threeiterationsperM-step. Anothersourceof ran-
domnessaddedto theprocessso far describedconsistsin
choosingdatapointsrandomlyuniformly distributedwhen
performingtheM-step. Thesetwo variantsof theM-step
havebeenjusti�ed in thesenseof a partialM-step[22].

5.4 FeedbackMatching
Oncethemodelparametershave beenestimatedeachspe-
cializedfunction maps(with differentlevels of accuracy)
the whole input space.Therefore,the following question
arises:duringreconstruction,givena point in input space,
how dowechoosethemappingfunction �%� thatshouldbe
usedto mapthispoint?

Fig. 2(b) illustratesthe inferenceprocess.Whengen-
eratingan estimate l

m

of body posegiven an input � (the
graypoint with a darkcontourin thelower plane),SMA's
generateaseriesof outputhypothesesn � �

m
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" , with Hpo > (illustratedby eachof the
pointspointedby thearrows). Giventheset n , we de�ne
themostaccuratehypothesisto bethatonethatminimizes
thefunction q��2�/�
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andmake l

m

�

m

� , where
�

u is the covariancematrix of
theelementsin theset � (i.e.,theinputvectorsin our train-
ing set) and 6 is the assignedlabel. In Fig. 2(b) we can
seethat eachof the points in the outputspaceis mapped
backto theinputspace,oncein thisspace,thesepointscan
be compared(using a given cost function e.g.,Eq. 10) to
theinitial input observation.Theform of thecostfunction
could vary, using Eq. 10 is the sameas assummingthat
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6 Hand Detectionand Segmentation
Someof our testdataconsistsof videosequencescollected
with a color digital camera.In thosesequencesthe back-
groundis static,thereis only onepersonpresent,andthe



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

In the �rst frameof the sequence,the tracker needsto
beinitialized, by locatingin the imagetheobjectsthatwe
wantto track.Thatcouldbedoneby applyingaskindetec-
tor system,like theonedescribedin [15]. However, using
that detector, clothesare labeledasskin, sometimes,be-
causeof their color.

We can locateandsegmentthe handsmoreaccurately
using the fact that their color is very similar to the color
of theface.Thepositionof thefacecanbefoundreliably
using a facedetectorsystem[29]. For eachpixel in the
detectedfacewe computea measureof how skin-like the
pixel color is. Thatmeasureis basedonhistogramsof skin
andnon-skincolordistributions,computedfrom adatabase
of thousandsof imagesin which regionswerelabeledas
skinandnon-skin.Thoselabeledimageswereframesfrom
commerciallyavailableDVD movies.

Weselectthetop50%of thepixelsin theface,for which
the measureof skin similarity is the highest. For eachof
thosepixels we computeits �
N color ( � �

�

���������

 
N �

�

��������� ), and we �nd the mean �cN color of all selected
pixels. Then,for eachpixel in theimage,we calculatethe
distanceof its �
N color from the mean �
N 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 want to track arethe
threelargestconnectedcomponentsof theskinpixels.One
of themoverlapswith theface,andtheothertwo arecon-
sideredto bethehands.We initialize theskin tracker with
the positionof the faceandhandregions,andthe tracker
locatesthefaceandhandsin therestof theframesin each
sequence.

Theskin tracker modelsskin color distribution asa his-
togram in HSV space. It can handledistributions that
changefrom oneframeto thenext, becauseof varying il-
lumination or motion with respectto light sources. The
changesin skin color thatoccurin a new framearemod-
eledas the resultsof translating,rotatingandscalingthe
currenthistogram.Furthermore,the evolution of the his-
togramis modeledasasecond-orderMarkov process.The
tracker is initialized in the�rst frame,by beingtold which
regionsto track,andit estimatesthe initial color distribu-
tion. In the next 8-30 frames,in additionto trackingand
adaptingtheskincolorhistogram,it alsolearnstheparam-
etersof the Markov process.After the learningstage,it
usesthoseparametersto predict the color distribution in
every new frame,while still updatingthe Markov model,
basedon theactualhistogramthat is observed in thenew
frame. The learningand tracking stageare explainedin
detail in [32].

Oursimplehanddetectionandtrackingalgorithmwould
not work at any framewherethehandsoverlapwith each
other or with the face. In our video sequenceswe took
careto avoid suchsituations.Our systemcould be made
moregeneralby includingmodulesto predictocclusionof
an objectby anotherandto detectwhenthoseobjectsare
separatedagain.A similar approachhasbeensuccessfully
appliedin thedomainof multiple persontrackingwith oc-
clusionhandling[26].

7 Experimental Results

The describedapproachwas testedin experimentswith
trainingdataconsistingof approximately30sequencesob-
tainedthroughtheuseof a Cyberglove. Input-outputpairs
weregeneratedusingcomputergraphicsby renderingfrom
86 viewpoints roughly uniformly distributedon the view
sphere.Theoutputconsistedof 24 joint anglesof ahuman
handlinearly encodedby nine real valuesusingPrincipal
ComponentAnalysis(PCA).

The input consistedof seven real-valuedHu moments
[14] computedonsyntheticallygeneratedsilhouettesof the
hand. Hu momentsare functionsof central imagemo-
ments. They areinvariant to translation,scaling,andro-
tationon the imageplane.Theseinvarianceseasetheob-
servationprocess(e.g.,wedonotneedto beconcernabout
whereandhow largethehandappearsontheimage).How-
ever, rotationinvariancemakeshandrotationparallelto the
imageplaneunobservable.For therealexperimentsobser-
vation inputs were obtainedtracking skin color distribu-
tions[32].

Approximately300,000imagesweregeneratedsynthet-
ically. Of these,8,000wereusedfor trainingandtherest
for testing. We usedcross-validation for early stopping
thetrainingprocedureandavoid over�tting. In theexperi-
mentsshown, thenumberof specializedfunctionswasset
to 30. Eachof thesefunctionswasaonehiddenlayer, feed-
forward network with 5 hiddenneurons. The annealing
schedulewas 7

�

H where H wastheiterationnumberin the
EM algorithm. Otherexperimentswereperformedto test
theconvergenceand�tting propertiesof themodel,dueto
spacelimitationstheseresultswill not bepresentedin this
paper.

7.1 Quantitati ve Experiments

Fig. 3 shows example hand con�guration estimatesob-
tained in representative test frames (not in the training
set). Syntheticimageswereusedin this experiment,be-
causeground-truthdatawasavailablefor quantitativeper-
formanceevaluation. As canbe seenin the �gure, self-
occludingcon�gurationsareobviouslyharder, but still the
estimateis closeto ground-truthgiven that no humanin-
terventionnorposeinitializationwasrequired.

In order to provide quantitative measuresof perfor-
mance,testdatawasusedto generateviewpointdependent
error measures.Fig. 4 shows the meansquarederror and
its varianceper viewpoint at the equator4(a) andat dif-
ferent latitudes4(b). Note in 4(a) that for views on the
equatortheerroris smallerfor longitudescloserto 	 radi-
ans,this correspondsto a view of thepalm(from different
latitudes). Theseperformancedifferencesaremostlikely
dueto thatatside-view anglesthereis anincreasedamount
of self-occlusionandalsobecausetheprojectionsinvolve
fewerpixels,reducingthesamplesusedto calculateimage
moments. In 4(b) we canobserve that reconstructioner-
rorsincreaseat thepolesof theview sphere,wherethereis
alsolittle informationprojectedto theimageplane.While
theMSE result is encouraging,the variancesuggeststhat
certainhandposesare not accuratelyrecovered(we dis-
cover they mostlycorrespondto complex handcon�gura-
tionscomingfrom theAmericanSignLanguagepartof our
data).
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Figure4: Quantitative experimentalresults.Meansquareerror
in the reconstructionis shown in (a) taken at the equatorof the
view sphere,varying the longitudeand(b) at differentlatitudes,
averagingover all the longitudes.Longitude � andlatitude

�

ra-
diansrepresentsa view towardsthepalmof thehand.

7.2 Experimentswith RealSequences
In thenext setof experiments,wetestedthesystemagainst
realsegmentedvisualdata.Thesequencesweresegmented
to yield blobs that correspondedto handsin eachframe,
as describedin Sec.6. The resultingreconstructionfor
several relatively complex gesturesequencesis shown in
Fig. 5. Note that given blob images,recovering3D hand
poseis a dif�cult task even for a humanobserver. This
dif�culty is increasedby performinginferencefrom blob
moments,obviously with an inferior descriptive power.
Methodsfor addressingthis issuewill be coveredfurther
in Sec.8.

7.3 3D ReconstructionReliability
It shouldbenotedthatSMA'scanprovideameasureof re-
constructionreliability by usingthelog-probabilitiescom-
putedin Eq. 10. Ambiguousinputscanbe discoveredby
looking at therelative scoresgivenby Eq.10 (anotherop-
tion is to look attheentropy of

G

�

m

I �
" ). Thisis extremely

importantbecauseeven thoughthe forward mapsarede-
signedto handleambiguities,theinferenceprocessclearly
still suffersfrom ambiguities.Therefore,it canbeimpossi-
ble to recoversomecon�gurationswith enoughreliability.
As anexample,in Fig. 5, thecon�gurations5-6 have low
reliability score,even thoughwe obtain good estimates.
Someof thecompetinghypothesesincludeestimatesthat
are also consistent(in termsof the visual featuresused)
with theinput presented,andsomeof theseconsistenthy-
pothesisarefar from the true 3D reconstruction.Thus,it
wasvery likely to chooseoneof thebadestimatesinstead
of thegoodonesshown in con�gurations5-6.

8 Discussionand Conclusions
In this paperwe addressedthe problemof recovering3D
handposefrom a monocularcolor sequence.The main
contributionsof our work are:

1. A single observed frame can be usedfor estimation2.
As a consequence,no manualinitialization is required.
Furthermore,thesequencecanstartwith thehandin any
positionandorientation.

2. No limitation is imposedin the cameraviewpointsal-
lowed.

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

4. A novel non-linearsupervisedlearning framework is
adaptedto theposeestimationproblem.Thisframework
allows us, amongother things, to avoid the pitfalls of
explicit trackingandto measurereliability of estimates
duringinference.

5. Reconstructioncanbeaccomplishedatnearframerate.

The main advantageof using SMA's in this domain
over otherfunction estimationparadigmsis that it allows
modelingof theambiguousinput-outputrelationshipsthat
arise.For instance,differenthandcon�gurationscangen-
eratethesamevisual features,dueto self-occlusion.Dif-
ferentvisual featurescanbe relatedto a singlehandcon-
�guration, dueto inaccurateobservationsor variationsin
handmorphology. SMA's splits (partitions)the problem
into simplermappingproblems.This allows for modeling
differentpartsof the outputspaceindependently, aswell
ascomputationof multiple possiblecon�gurationsin am-
biguoussituations. However, so far we chooseoneesti-
mateonly. This is aninterestingaspectnot fully addressed
in this paper, Sec.7.3extendsa little on this topic.

In our currentimplementation,temporalcontext is not
usedfor improving the outputestimatesduring mapping,
but only for segmentation.Thehandposeis re-estimated
at every framegiven the segmenteddata. We expectthat
using previous estimatesin computingthe current hand
shapewill improve accuracy, and we plan to extend our
approachto allow this. However frameindependenceal-
lows a very attractive inferencetime of � ���

" , with �

specializedfunctions.
Our algorithm could be usedas a front end in several

gesturerecognitionapplicationsthattake thehandcon�g-
urationasinput. Currentsystemsrely almostexclusively
on non-visiontechniquesto obtainsuchdata,suchasCy-
berGloves[7, 18, 19, 30] andcolor markers[11]. An au-
tomatedcomputervision techniquelike ours imposesno
restrictionsonusers.It canalsobeusedin domainswhere
we do not have control of the datacollection,and there-
fore we cannotrequiretheuseof moresophisticatedinput
devices.

In futurework, we plan to experimentwith setsof fea-
turesthat arericher andmoredescriptive thanbinary sil-
houettes;e.g.,orientationhistograms,or othertexture fea-
tures. Using stereoshouldfurther increasethe accuracy
of thesystem,by providing moreshapeconstraintsthana
single2D imagedoes.Finally, moresophisticatedmodels
of temporaldependencies,like linear GaussianModelsin
general[11, 34, 37], couldbeusedin thefeedbackmatch-
ing to guidethechoiceof bestreconstruction.

Even thoughwe have a usefulestimateof con�dence,
givenby Eq.10,wearelookingatalternativesfor decreas-
ing theerrorvariance.3D Handposereconstructionfrom
a single imageis a very dif�cult task, and at presentno
fully-generalsolution to the problemexists. Our results
show that it is possibleto approachthis problemusinga
combinationof vision and statisticallearningtools. We
considerthis animportantstepconsideringthecomplexity
of the taskand the low descriptive power of the features
currentlyemployed.

2We insist that in applicationswherehighly correlatedframescanbe
observed,it is imperative to usethis temporalinformation.However, the
ability of our framework to estimatehandposegivenonly a singleframe
affordsautomaticinitialization, fasterestimation,andcouldbeusedasa
bootstrapmechanismin 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 show high-medium-low
con�denceestimates(onepairof rows each).

Figure5: Reconstructionobtainedfrom performinghandsegmentationin a humansubject. The two top pairsof rows show good
reconstructionwhile the bottom pair show examplesof bad performance.Reconstructionis shown from a �x ed viewpoint (latitude

�

-longitude� rads.).


