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Abstract

To increasethereliability of existing humanmotion trackingalgorithms,we propose
a methodfor imposinglimits on theunderlyinghierarchicaljoint structuresin a way that
is true to life. Unlike most existing approaches,we explicitly representdependencies
betweenthevariousdegreesof freedomandderive theselimits from actualexperimental
data.

To this end,we usequaternionsto representindividual 3 DOF joint rotationsandEu-
ler anglesfor 2 DOF rotations,which we have experimentallysampledusingan optical
motioncapturesystem.Eachsetof valid positionsis boundedby animplicit surfaceand
we handlehierarchicaldependenciesby representingthespaceof valid con�gurationsfor
achild joint asa functionof thepositionof its parentjoint.

This representationprovides us with a metric in the spaceof rotationsthat readily
lets us determinewhethera postureis valid or not. As a result, it becomeseasyto in-
corporatethesesophisticatedconstraintsinto a motiontrackingalgorithm,usingstandard
constrainedoptimizationtechniques.We demonstratethis by showing thatdoingsodra-
matically improvesperformanceof anexisting systemwhenattemptingto trackcomplex
andambiguousupperbodymotionsfrom low qualitystereodata.

� This work wassupportedin partby theSwissNationalScienceFoundationandin partby theEU CogViSys
project.
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1 Intr oduction

Even thoughmany approachesto trackingandmodelingpeoplefrom video sequenceshave
beenandcontinueto be proposed[10, 22, 21], the problemremainsfar from solved. This
in part becauseimagedatais typically noisy andin part becauseit is inherentlyambiguous
[25]. As shown in Fig. 1, several postures,someof which areanatomicallyimpossible,can
explain thedataequallywell. Introducingvalid joint limits is thereforeoneimportantpractical
steptowardsrestrictingmotiontrackingalgorithmsto humanlyfeasiblecon�gurations,thereby
reducingthe searchspacethey mustexplore andincreasingtheir reliability by eliminatinga
many localminima.

(a) (b) (c)
Figure1: Motion capturefrom noisystereodata.(a)Oneimagefrom a stereopair. (b,c)Two possible
posturesthat accountfor the stereodata,which is depictedby the reprojectionsof triangulated3–D
points.Thesereprojectedpointsappearin gray, or redif printedin color. Notethecompletelydifferent
shoulderandelbow twiststhatresultin differenthandorientations.

This is currentlydonein many existingvision systems[5, 6, 25,28] but thelimits areusu-
ally representedin anoversimpli�ed mannerthatdoesnot closelycorrespondto reality. The
mostpopularapproachis to expressthemin termsof hardlimits on theindividualEulerangles
usedto parameterizejoint rotations.This accountsneitherfor thedependenciesbetweenan-
gularandaxial rotationsin ball-and-socket joints suchastheshoulderjoint nor thosebetween
separatejoints suchastheshoulderandelbow. In otherwords,how muchonecantwist one's
arm dependson its positionwith respectto the shoulder. Similarly, onecannotbendone's
kneeby thesameamountfor any con�gurationof thehip. An additionaldif�culty stemsfrom
thefact thatexperimentaldataon thesejoint limits is surprisinglysparse:medicaltext books
typically give acceptablerangesin a coupleof planesbut never for the whole con�guration
space[8], which is whatis reallyneededby anoptimizationalgorithmsearchingthatspace.

In earlierwork, we proposeda quaternion-basedmodelapproachto representingthe de-
pendenciesbetweenthethreedegreesof freedomof a ball-and-socket joint suchastheshoul-
der[15]. It reliesonmeasuringthejoint motionrangeusingopticalmotioncapture,converting
therecordedvaluesto joint rotationsencodedby a coherentquaternion�eld, and,�nally , rep-
resentingthesubspaceof valid orientationsasan implicit surface. Here,we extendit so that
it canalsohandlecoupledjoints, which we treatasparentandchild joints. We representthe
spaceof valid con�gurationsfor thechild joint asa functionof thepositionof theparentjoint.
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(a) (b) (c) (d)
Figure2: Couplingof armpositionandelbow joint limits. (a,b)Whenthearmis in front of thebody,
theelbow can�e x andtwist freely. (c,d) By contrast,whenthearmis behindonesback,therangeof
possibleelbow motionsis muchmorelimited.

Wechosethecaseof shoulderandelbow joints to validateourapproachbecausetheshoul-
der is widely regardedasthemostcomplex joint in thebodyandbecausepositionof thearm
constrainstheelbow'srangeof motion.Theinterestedreadercaneasilycheckby thisadopting
thepositionsdepictedby Fig. 2 andtrying to �e x andtwist theelbow. Therangeof possible
motionsin muchmorelimited whenthearmis behindonesbackthanin front of oneschest.

To modelthis,wedevelopedamotioncaptureprotocolthatreliesonopticalmotioncapture
datato measuretherangeof possiblemotionsof varioussubjectsandbuild our implicit surface
representation.We thendemonstratethe applicability of the proposedrepresentationboth in
thecontext of ComputerAnimationandComputerVision: For animationpurposes,we show
that it allows the automatedtransformationof an unrealisticanimatedmotion into a realistic
movementthat still resemblesthe original one. For vision purposes,we useour approachto
dramaticallyimprove the performanceof an existing system[24] when attemptingto track
complex andambiguousupperbodymotionsfrom low qualitystereodata.

In short,themethodweproposehereadvancesthestate-of-the-artbecauseit providesaway
to enforcejoint limits on swingandtwist of coupledjoints while at thesametime accounting
for their dependencies.Suchdependencieshave alreadybeendescribedin thebiomechanical
literature[14, 17] but usingthe correspondingmodelsrequiresestimatinga large numberof
parameters,which is impracticalfor mostComputerVisionapplications.Ourcontributioncan
thereforebeunderstoodasawayof boiling down thesemany hard-to-estimateparametersinto
our implicit surfacerepresentation,that canbe both easily instantiatedandusedfor anima-
tion of video-basedmotioncapture.Furthermore,the framework we advocateis genericand
couldbeincorporatedinto any motion-trackingapproachthatreliesonminimizinganobjective
function.

In theremainderof thepaper, we �rst brie�y review thestateof theart. We thenintroduce
our approachto experimentallysamplingthe spaceof valid posturesthat the shoulderand
elbow joints allow andto representingthis spacein termsof animplicit surfacein Quaternion
space.Finally, wedemonstrateourmethod'seffectivenessfor trackingpurposes.
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2 RelatedApproaches

Theneedto measurejoint limits arisesmostoften in the �eld of physiotherapy andresultsin
studiessuchas[16] for thehip or [8,20] for theshoulder. Many of theseempiricalresultshave
subsequentlybeenusedin ourcommunity.

2.1 BiomedicalConsiderations

Whenwe refer to theshoulderjoint, we actuallymeanthe gleno-humeraljoint, which is the
last joint in the shouldercomplex hierarchy. It is widely acceptedthat modelingit asa ball-
and-socket joint, which allows motion in threeorthogonalplanes,approximatesits motion
characteristicswell enoughfor visual trackingpurposes[21]. This approximationhasbeen
validatedby a substantialbody of biomechanicalresearchthat hasshown that, becauseof
large-bone-to-skindisplacements,no clavicular of scapularmotionscanbe recoveredusing
externalmarkers[7, 2].

However, the dependency betweenarm twist and arm orientation,or swing, is a direct
consequenceof thecomplex joint geometryof theshouldercomplex [19]. Couplingbetween
elbow andshoulderis not only dueto anatomicalreasons,but alsoto thephysicalpresenceof
therestof thebody, namelythethoraxandthehead,thatlimit theamountof elbow �e xion for
certainshoulderrotations.As to elbow twist, thedependency is anatomicalandtheavailable
rangeof motion is directly linked to shoulderorientation[31]. It is thoseintra- and inter-
joint dependenciesthatmake theshoulderandelbow complex ideal to validateour approach.
Furthermore,similar constraintsexist for the hip andkneejoints andour proposedapproach
shouldbeeasyto transpose.

Of course,the interdependenceof thesejoint limits hasbeenknown for a long time and
sophisticatedmodelshave beenproposedto accountfor them,suchasthosereportedin [14,
17]. However, theformerinvolvesestimatingover �fty elasticandviscousparameters,which
mayberequiredfor precisebiomedicalmodelingbut is impracticalfor ComputerVisionappli-
cations,andthelatter focusesin motionsin thesagittalplaneasopposedto fully 3–D dimen-
sionalmovements.

It is worth noting that inter-subjectvariancehasbeenshown to beextremelysmall at the
shoulderjoint level [31]. The online documentationfor the HumanoidAnimation Working
Groupcon�rms that the differencein rangeof motionof womenover menis minimal at the
shoulderjoint level, andsmall for theelbow joint. Theexperimentaldatawe presentin Sec-
tion 3 con�rms this. Thus,it is acceptableto generalizeresultsobtainedon thebasisof mea-
surementscarriedout on a verysmallnumberof subjects,aswe have donein our case,where
datacollectionwascarriedouton threesubjects,two femalesandonemale.
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2.2 Angular Constraints and Body Tracking

Thesimplestapproachtomodelingarticulatedskeletonsis to introducejoint hierarchiesformed
by independent1-Degree-Of-Freedom(DOF) joints, oftendescribedin termsof Eulerangles
with joint limits formulatedasminimal andmaximalvalues.This formalismhasbeenwidely
used[5, 6, 22, 25, 28], eventhoughit doesnot accountfor thecouplingof the intra- or inter-
joint limits and,asa result,doesnot properlyaccountfor the 3-D accessibilityspaceof real
joints.

Furthermore,Euler anglessuffer from an additionalweaknessknown as“Gimbal lock”.
Thisrefersto thelossof onerotationaldegreeof freedomthatoccurswhenaseriesof rotations
at 90 degreesis performed,resultingin the alignmentof the axes [4, 32]. The swing-twist
representation,exponentialmap, and three-sphereembeddingare all adequateto represent
rotationsanddonotexhibit such�a ws[11]. However, only quaternionsarefreeof singularities
[27]. As thereis a goodapproximationof thenaturaldistancebetweenrotationsin quaternion
space,it is also the most obvious spacefor enforcingjoint-angleconstraintsby orthogonal
projectiononto the subspaceof valid orientations. Thesepropertieshave, of course,been
recognizedandexploitedin our �eld for many years[23,9].

Thejoint limits representationweproposecanthereforebeunderstoodasawayof encoding
the workspaceof the humanupperarm positionsusinga formalismthat could be appliedto
any individual joint, or setof coupledjoints, in thehumanbodymodel.

3 Measuring and RepresentingShoulderand Elbow Motion

For the shoulderandelbow coupledjoint set,we will be usingrespectively quaternionsand
Euleranglesto expresstheir rotations.For thecaseof theshoulderjoint, of all 3 DOFrotation
representations,weopt for quaternionswhosenaturaldistancemetricbetweenrotationsis well
approximatedby theEuclideandistance[18], thussupplyingthemostnaturalspacein which
to enforce3 DOF joint-angleconstraintsby orthogonalprojectiononto thesubspaceof valid
orientations[27]. Furthermore,quaternionsarenotsubjectto singularitiessuchasthe“Gimbal
lock” of Euleranglesor themappingof 2n� rotationsto zerorotationsof axis-angles.For the
elbow joint, we have chosento representits 2 DOF rotationwith two successiveEulerangles,
asthis is themostcompactrepresentationfor sucharotationin termsof numberof parameters,
hasnosingularitiesin thiscon�guration,andtherotationdecompositionis unique,contraryto
the3 DOFcase.As aresult,it becomeseasyto incorporatethesesophisticatedconstraintsinto
amotiontrackingalgorithmusingstandardconstrainedoptimizationtechniques[1].

We will considerthe setof possiblejoint orientationsandpositionsin spaceasa pathof
referentialframesin 3-D space[3]. In practice,werepresentrotationsby thesub-spaceof unit
quaternionsS3 forming a unit spherein 4-dimensionalspace.Any rotationcanbeassociated
to aunit quaternionbut weneedto keepin mind thattheunitaryconditionneedsto beensured
atall times.A rotationof � radiansaroundtheunit axisv is describedby thequaternion:

q = [qx ; qy ; qz; qw]T = [sin(
1
2

� )v; cos(
1
2

� )]T
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Sincewearedealingwith unit quaternions,thefourthquaternioncomponentqw is adependent
variableandcanbededuced,uptoasign,fromthe�rst three.Givendatacollectedusingoptical
markers,we obtaina cloudof 3-D pointsby keepingthespatialor (qx ; qy ; qz) coordinatesof
the quaternion.In otherwords, thesethreenumbersserve asthe coordinatesof quaternions
expressedasprojectionson threeconventionalCartesianaxes.

(a) (b) (c) (d)
Figure3: Marker positionsandassociatedreferentials.(a) Motion captureactorwith markers. (b)
Shoulderandelbow coordinateframe.(c) Quaternionshoulderdata.(d) Eulerangleelbow data.

Becausewe simultaneouslymeasureswingandtwist components,andbecausethequater-
nion formalism lets us expressboth within onerotation, this representationcancapturethe
dependenciesbetweenswingandtwist thatwill appearin ourmotioncapturedata.

3.1 Motion Measurement

Wecapturedshoulderandelbow motionusingtheViconT M System,with asetof strategically-
placedmarkerson theupperarm asshown in Figure3(a). An additionalmarker is placedat
necklevel to serveasa �x edreference.

If wewishour joint limits to beaspreciseaspossible,andto re�ect therangeof motionas
closelyaspossible,we needto payattentionto samplingthespaceof attainableposturesnot
only ashomogeneously, but alsoasdenselyaspossible.

To acquirethe datausedin this paper, the motion captureactorwas requestedto place
theupperarmat all possibleelevations,andthento applyanincrementaltwist at theshoulder
level. At eachsuchposition,theactorshouldthencompletely�e x andextendthelowerarm,as
well astwist theforearmasfar aspossiblein bothdirections.Oncetheentirereachablespace
hasbeensosampled,theViconsystemoutputsthe3–Dglobalpositionsof all themarkersand
labelsthem.

3.2 Motion representation

For eachrecordedposition,weconstructarotatingco-ordinateframefor theshoulderjoint. As
shown in Fig. 3(b), the �rst axisof the framecorrespondsto the line de�ned by theshoulder
andupperarmmarkers. The secondaxis is the normalto the trianglewhoseverticesarethe
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upperarm,elbow andforearmmarkers.Thecorrespondingplanerepresentsaxial rotationand
the third axis is taken to orthogonalto the other two. The orientationof eachframeis then
convertedinto aquaternion.

This conversionis achievedby �rst converting thecomputedframeto a 3 � 3 matrix M ,
where,usingEuler's theorem,M maybeexpressedin termsof its lonerealeigenvectorn̂ and
theangleof rotation� aboutthataxis. This in turn maybeexpressedasa point in quaternion
space,or, equivalently, a point on a three-sphereS3 embeddedin a Euclidean4–D space.The
identi�cation of thecorrespondingquaternionfollows immediatelyfrom

q(� ; n̂) = (cos
�
2

; n̂ sin
�
2

) (1)

up to thesignambiguitybetweenthetwo equivalentquaternionsq or � q, whichcorrespondto
thesamerotation[13]. To resolve this ambiguity, we will from hereon alwaysassumethata
quaternion'sscalarcomponentis positive.Suchanassumptionhowevercausesadiscontinuity
in the 3–D spaceof so-mappedquaternions,asshown by Fig. 4. In the illustratedcase,we
are carryingout a singleaxis rotation, the correspondingquaternionswith a positive scalar
componentmoving from thecentreof the3–Dspheretowardsits surface,alongtheaxis.When
thesurfaceof thesphereis reached,weareatarotationof approximately� . If werotatefurther
than� , theequivalentquaternionwith qw > 0 appearson theoppositepole.Wethereforeneed
to keepin mind this phenomenonwhenmeasuringthedistancebetweentwo quaternions[26],
asin reality thetwo rotationsrepresentedby Fig.4 areclose,but in 3–Dspaceendupfarapart.
In thecaseof joint rotations,however, wehavepositionedour localaxesandde�nedour initial
posesin sucha mannerasto never reachthis discontinuity, all rotationsinvolvedbeingwithin
] � � ; + � [, but never includingboth endsof the interval. Specialattentionwould needto be
paidin acharacteranimationcontext, whenre-projectinganinvalid rotationto theclosestvalid
one,asin thecaseof a rotationexceedingpi or � pi, therotationwill getre-projectedontothe
wrongsideof theunit quaternionspace.Thesimplestway to preventthis is to de�ne thezero
angleinit posturein themiddleof therangeof motion,thusensuringthat thepossibleangles
alwaysremainin the] � � ; + � [ interval.

Whenconverting our motion capturedatain the mannerdescribedabove, we obtain the
volumetricdatadepictedbyFig.3(c). For theelbow, wetransformall markerpositionsfromthe
globalreferentialto thelocal shoulderjoint referential.Sincetheelbow hasonly two degrees
of freedom,in Fig. 3(d), we representtheresultingdatain termsof its two Eulerangles.For
2 DOFrotations,two successiveEuleranglesareaperfectlyacceptablerepresentation[12], as
they donotpresentasingularityin thiscon�guration,andthedecompositionof any rotationin
two planesinto aEulerangleis uniquewithin the] � � ; + � [ interval.

4 Hierar chical Implicit SurfaceRepresentationof the Data

In orderto capturethecouplingbetweentwo joints in termsof rangeof motion,we propose
a hierarchicalschemewherefor eachsetof similar posturesof theparentjoint, differentjoint
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Figure4: Discontinuityon the3-sphere,for quaternionswith a positive scalarcomponent.Whenthe
rotationsis equivalent to � , the correspondingquaternionis locatedon the surfaceof the sphere.As
soonastherotationexceeds� , theequivalentquaternionis situatedat theoppositepole.

limits arederived for thechild joint. More precisely, joint limits, whetherfor parentor child
joint, arerepresentedby implicit surfaces.Thehierarchicalsetupis basedon a voxelisationof
theparentjoint rangeof motion,from which thechild joint datasub-setsarethenderived,to
bein turn approximatedby animplicit surfaceeach.

Giventhevolumetricdataof Fig.3(c,d),weapproximateit asanimplicit surface.Thiswill
provide uswith a smoothanddifferentiablerepresentationof thespaceof allowablerotation
andits associatedmetric, which we will usein Section5 to enforcethe correspondingcon-
straintsin a very simplemanner. This is importantbecause,having beenproducedby people
insteadof robots,thisdatais very noisy. In particular, theregionsof lowerpoint densityoften
correspondto motionboundariesandthereforeto uncomfortablepositions.

Implicit surfacesfor shapereconstructionareextremelypopular, andwork well, underthe
conditionthat surfacedatais available, is suf�ciently dense,andnot too noisy. In our case,
extractionof surfacepointsthroughvariousmethodsprovedunreliable,dueto dataundersam-
pling for theposturesthat themotioncaptureactordeemeduncomfortable.Furthermore,our
volumetricdatais not smoothon theoutsideof thedatacloud,andthis addedto thedif�culty
of attemptingto derivesurfacepoints.For thesereasons,wewill approachtheproblemdirectly
from its volumetricaspect.

4.1 Fitting an Implicit Surface

In orderto getanapproximateof theshapeof thevolumetricdata,we voxelizeour spaceand
computethe point densityof eachvoxel. This densitycorrespondsto the numberof points
within eachvoxel, normalizedwith respectto voxel volume. We thenrecursively sub-divide
the voxels until eachvoxel hasa point densityhigher thana given threshold,which canbe,
for example,thedensityof thedataaroundthecenterof mass.All voxelsnot satisfyingthis
conditionarediscarded.Carryingout this voxelizationfor our shoulderandelbow datayields
theresultsshown in Fig. 5(a,d),wheretheresultingvoxel arraysalreadyrepresenttheshape.
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To obtain the implicit surfaceenclosingthis shape,we proposeto placean implicit surface
primitivewithin eachof thevoxels.For this,we �rst de�ne theprimitivesandimplicit surface
weuse.

(a) (b) (c)

(d) (e) (f)
Figure5: Joint limits for theshoulderandelbow joints. (a) voxelizationof theshoulderjoint quater-
nions.(b) extractedimplicit surface.(c) wire-frameshoulderimplicit surfaceanddata.(d) voxelization
of theelbow joint Eulerangles.(e)extracted�at implicit surface.(f) wire-frameelbow implicit surface
anddata.

As in [29], given a setof sphericalprimitivesof centerSi andthicknessei , the implicit
surfaceis de�ned as

S = f P 2 < 3jF (P) = isog (2)

where

F (P) =
nX

i =1

f i (P) ;

f i (P) =

(
� kd + kei + 1 if d 2 [0; ei ]

1
4 [k(d � ei ) � 2]2 elsewhere

whered = d(P; Si ) is the Euclideandistance,iso controlsthe distanceof the surfaceto the
primitives' surface,which is setby thethicknessei , andk de�nes its blendingproperties.We
additionallyde�ne a cut-off valueat Ri = ei + 2

k , in orderto ensurethatthein�uence of each
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primitive is local, with respectto the total surface. All pointsbeyond the radiusof in�uence
arediscarded,anda sphericalprimitive sode�ned hasa continuouslydecreasingfunction,as
plottedin Fig. 6(a),for iso = 1:0, k = 5:0 ande = 1:0.

(a) (b)
Figure6: (a) Local in�uence of a sphericalprimitive. (b) Filling a voxelizationwith sphericalprimi-
tives.

We placesucha primitive in eachvoxel of our datavoxelization,adjustingtheprimitive's
parametersto that its radiusof in�uence is half the width of the voxel, asin Fig. 6(b). This
yields the implicit surfacesdepictedby Fig. 5(b,e),whereiso = 7:0 andstiffnessk = 20:0,
thesevalueshaving beendeterminedexperimentally. To seehow closelyour envelope�ts our
data,we displaythe implicit surfacein wire-frame,in Fig. 5(c,f). The propertiesof implicit
surfacesand their �eld functionsbeing the samein 2 and 3–D, we apply the same�tting
procedureto the2–D datafor theelbow joint asfor the3–D dataof theshoulderjoint.

(a) (b)
Figure7: Comparingsubjectsagainsteachother. In black,thedatafor thefemalereferencesubjectwe
usedto computethe�eld functionF of Eq.2. In gray, thedatacorrespondingto asecondfemalesubject
(a)andto amalesubject(b). Wecomputedtheaveragedistancein termsof closestpointsbetweeneach
cloud set,aswell as the standarddeviation. For (a), this yields an averagedistanceof 0.0403anda
standarddeviationof 0.0500.For (b), weobtainanaveragedistanceof 0.0314andastandarddeviation
of 0.0432.

To illustratetherelative insensitivity of thesemeasurementsacrosssubjects,wehavegath-
eredmotiondatafor two additionalpeople,oneof eachsex. In Fig. 7, we overlaythesetsof
quaternionsfor eachadditionalpersonon thosecorrespondingto thereferencesubject.Visual
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inspectionin 3–Dshowsthatthey superposewell. This is con�rmed by computingtheaverage
closest-pointdistancebetweenthe pointsof the threedata-sets,aswell asthe corresponding
standarddeviation. Thecomputedvalueshighlight thesimilarity betweenthemeasuresfor the
threesubjectsover theentirerangeof motion.

4.2 RepresentingDependencies

The methoddescribedabove treatsthe datafor the shoulderand the elbow independently,
whichdoesnotaccountfor known anatomicaldependencies.Having measuredsimultaneously
the shoulderand elbow rotations,we could representthe coupledposturesas 5–D vectors
by concatenatingall the degreesof freedom. However, instantiatingsucha representation
would requirea densesamplingof the5–D space,which would behardto collect in practice
andcannotbe expectedto ever generalizeto morecompletejoint hierarchies.To avoid this
dif�culty andwork with thesparserdatasetsthat canrealisticallybe obtained,we introduce
a hierarchicalrepresentationthat allows us to groupthe datarelative to the child joint for a
particularpositionof theparentjoint.

Our methodis basedon theobservationthatfor eachsetof rotationsof theshoulderjoint,
thereis a de�ned set of acceptablerotationsfor the elbow joint. We take advantageof the
voxel structureto obtain thesedatasets. Eachvoxel of the parentshoulderjoint de�nes a
local clusterof similar joint positions,which we will refer to askeyframevoxels. As to each
measuredshoulderjoint rotationis associatedanelbow joint position,we immediatelyobtain
thesub-setof elbow rotationscorrespondingto thiskeyframevoxel. As shown in Fig. 8(a),for
eachkeyframevoxel, wecomputetheimplicit keyframesurfacecorrespondingto thesubsetof
child joint rotationsthathavebeenobservedfor thosepositionsof theparentjoint.

Asshown in Fig.8(b),to re�ne thisrepresentationandensureasmoothertransitionbetween
elbow joint limits from onekeyframevoxel to thenext, wecancomputeintermediatekeyframe
surfacesby morphingbetweenneighboringones.

We have chosento implementan interpolationschemethat morphsbetweenunionsof
spheres,andwe will designateby A thesourceobjectandby B thetargetobject. We usethe
distancefunctionbetweenaprimitivea of shapeA andaprimitiveb of shapeB de�nedby [30]
asfollows:

d(a;b) = [(xa � xb)2 + (ya � yb)2 + (za � zb)2] + (ea � eb) (3)

where(xa; ya; za) is the centreandea the thicknessof primitive a and(xb; yb; zb) andeb the
correspondingparametersof primitiveb.

Startingfrom theshapewith lowestprimitivecardinality, weperformaninjectivematching
of its primitiveswith thoseof theothershape,suchamatchingbeingcarriedoutbetweenprim-
itivesthatareclosestin termsof thedistancenotionof eq.(3).After this matching,theshape
thathasthelargernumberof primitivesis now left with someunmatchedones.Thesewesim-
ply matchto theclosestprimitive of theothershape,thereforeyielding a one-to-many match
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betweentheshapes.Oncethis matchinghasbeenestablished,we just needto interpolatebe-
tweenthecentresandradii of thematchedprimitives,over thechosennumberof interpolation
steps.

In Fig. 9, we show theeffect of imposinghierarchicalshoulderandelbow joint limits to a
tennisservemotionthatwashand-generatedwithout takinglimits into account,whichresulted
in many invalid rotations.For eachframe,weenforcethelimits by orthogonalprojectiononto
the implicit surfacethat representsthem,which resultsin a motionof thesamenatureasthe
original onebut thatis now plausible.Fig. 10 depictsa similar behavior for a randommotion.
Note that,asa bene�cial sideeffect, enforcingjoint limits alsopreventspenetrationbetween
bodypartswithouthaving to explicitly detectcollisions.

(a) (b)
Figure8: Hierarchicaljoint limits. (a)Two keyframevoxelsandthecorrespondingkeyframesurfaces.
(b) Exampleof an intermediatekeyframesurfaceobtainedmidway throughmorphingonekeyframe
surfaceinto theother.

5 Enforcing Constraints during Tracking

To validateour approachto enforcingjoint limits, we show that it dramaticallyincreasesthe
performanceof anearliersystem[24] that �ts bodymodelsto stereo-dataacquiredusingsyn-
chronizedvideocameras.It relieson attachingimplicit surfaces,alsoknown assoft objects,
to an articulatedskeletonto representbody shape.The �eld function of the primitiveshow-
ever differs from the oneusedfor de�ning our joint limits in the sensethat its density�eld
is exponential,which increasetherobustnessof thesystemin thepresenceof erroneousdata
points.Theskin is takento bea level setof thesumof these�elds. De�ning thebodymodel
surfacein thismanneryieldsanalgebraicdistancefunctionfrom 3–D pointsto themodelthat
is differentiable.Wecanthereforeformulatetheproblemof �tting ourmodelto thestereodata
in eachframeasoneof minimizing thesumof thesquaresof thedistancesof themodelto the
cloudof pointsproducedby thestereo.

Thestereodatadepictedby Fig. 11 wasacquiredusingaDigiclopstm operatingata640�
480resolutionanda14Hzframerate.It is verynoisy, lacksdepth,andgivesno informationon
thesideor thebackof thesubject.As aresult,in theabsenceof constraints,therearemany sets
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Figure9: Applying hierarchicaljoint limits to a keyframedtennisserve sequence.In the top row,
we show theframesof thesequencewith invalid rotationsbothat theshoulderandelbow level. In the
bottomrow, theinvalid rotationsarecorrectedby enforcingthecoupledimplicit surfacejoint limits. The
correspondingmpeg moviescanbedownloadedfrom http://cvlab.ep�.ch/research/body/limits/�g/cv iu .

Figure10: Applying hierarchicaljoint limits to anarbitrarymotion.Notethatwemodelnotonly joint
limits but alsoself penetrationbetweenbodyparts.Thecorrespondingmpeg moviesarealsoavailable
athttp://cvlab.ep�.ch/research/body/limits/�g/ cviu .

of motionparametersthat�t thedataalmostaswell, mostof whichcorrespondto anatomically
impossiblepostures.

In this section,we will show thatenforcingtheconstraintsusingthe formalismallows to
eliminatetheseimpossibleposturesveryeffectively andresultsin muchmorerobusttracking.
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Figure11: Stereodatafor a subjectstandingin thecapturevolume,rotatedfrom a left-sideview to a
right-sideview.

5.1 UnconstrainedLeastSquares

Toderivethepostureof thebodymodelfromthestereodata,weapplytheLevenberg-Marquardt
least-squaresoptimiser. As discussedearlier, thebodymodelis representedby anarticulated
structureto which volumetricprimitivesareattached.Let � = (� 1; :::; � m ) correspondto the
vectorof joint anglevaluesde�ning thecurrentpostureof themodel.Givenn 3–Ddatapoints
1 � x i � n, let D(x i ; �) be the distanceto be minimized,from the datapointsto the skin
surfacede�ned by thesumof the�eld functionsof theprimitive(s)minustheiso-valueof the
surface.

In theabsenceof constraints,�tting themodelto n datapointsx i simplyamountsto mini-
mizing:

nX

i =1

D(x i ; �) 2 (4)

with respectto � . Theexpressionof thederivativeof D(x i ; �) with respectto aparameter� j

is givenby [24]:

@D(x i ; �)
@� j

= 2:xT
i :QT

� :

"
@Q�

@� j

#

:x i

whereQ� de�nes theposition,orientationandsizeof theprimitive(s)thecurrentobservation
is attachedto, for statevector� .

GiventheJacobianmatrix

JD = (
@D(x i ; �)

@� j
)1� i � n;1� j � m

andits pseudo-inverseJ +
D , this involvesiteratively addingto � incrementsproportionalto

�� 0 = J +
D [D(x1; �) ; :::; D(xn ; �)] t

to �nd thevalueof � thatminimizesD(x i ; �) .
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(a) (b)
Figure12: Objective functionassociatedto a joint-limit constraint.(a)Valueof theobjective function
valuealongaline drawn throughthemiddleof animplicit surfacewith 16primitives.(b) Gradientalong
thesameline.

5.2 ConstrainedLeastSquares

Enforcinghierarchicalconstraintscanbeeffectively achievedusingwell known task-priority
strategies.Herewe usea dampedleast-squaresmethodthatcanhandlepotentiallycon�icting
constraints[1]: Whena high-priority constraintis violated,thealgorithmprojectsthe invalid
postureontotheclosestvalid one,whichrequirescomputingthepseudo-inverseof its Jacobian
matrix with respectto statevariables,which in our casearetherotationvaluesof themodel's
joints. Whena lower-priority constraintis violated,thealgorithmreprojectstheJacobiansinto
thenull-spaceof thehigherlevel constraintssothatenforcingthelower-orderconstraintdoes
notperturbthehigherlevel one.

Let usassumewearegivenavectorof constraintsC with JacobianmatrixJC . Theproblem
becomesminimizing D subjectto C(�) = 0:0. This canbedonevery muchin thesameway
asbefore,exceptthattheincrementsarenow proportionalto

�� 1 = J +
C C(�) + (I � J +

C JC )�� 0 ;

where(I � J +
C JC ) is theprojectorinto thenull spaceof C. Thisextendsnaturallyto additional

constraintswith higherlevelsof priority, but additionalcaremustbetakenwhenconstructing
theprojectors[1].

In short,all thatis neededto enforcetheconstraints,is theability to computetheirJacobian
with respectto statevariables.Theimplicit surfaceformulationof Section4 letsusdothisvery
simply:

1. For theparentjoint, determinewhetherits rotationis valid by evaluatingthefunctionF
of Eq.2 andits derivativeswith respectto joint anglesif not. In otherwords,thehigher
priority constraintcanbeexpressedasmax(0; iso � F (�)) or, equivalently, treatedas
aninequalityconstraint.
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2. For thechild joint, determineto which voxel its parentrotationbelongs,loadthecorre-
spondingchild joint limits, andverify its validity andevaluatethederivativesusingthe
correspondingimplicit surfacerepresentation.Thisallowsusto expressa lowerpriority
constraintusingthecorresponding�eld function.

In practice,for eachconstraint,thealgorithmminimizes

c(�) =

8
><

>:

(F (� ) � iso)2 if F (� ) < iso

0 elsewhere
;

whosebehavior is depictedby Fig. 12. This is naturalgiventhatthepointsfor which F (�) =
iso correspondto thelargestallowablerotations.c(�) is smoothandconvex, therebyguaran-
teeingthat joint limit constraintswill besatis�edat every iteration. It is alsoalbegraicandits
derivativescanbecomputedby differentiatingthef i polynomialsof Eq.2.

This resultsin an algorithmthat �ts the model to data,while enforcingthe joint angles
constraintsata minimaladditionalcomputationalcost.

5.3 Tracking Results

Weappliedunconstrainedandconstrainedtrackingto several100-framelongsequences,which
correspondsto a little over7 secondsat14 Hz. Theoptimizationof theleast-squarescriterion
of Eq.4 is thenminimizedoff-line, which takesseveralsecondsperframe.

In eachsequence,thesubjectmovesandrotatesher right armandelbow. In Figs13, 14,
and15, we reprojectthe recovered3–D skeletononto oneof the images.We alsodepictthe
skeletonasseenfrom aslightly differentview to show whetheror not therecoveredpositionis
feasibleor not.

The unconstrainedtracker performsadequatelyin many cases,but herewe focuson the
placeswhereit failed, typically by producingthe solution that matchesthe databut is not
humanlypossible.Among other things,this canbe causedby the sparsityof the dataor by
the fact that multiple statevectorscanyield identicalerror values,eachstatevectorequally
explainingthedata,andeachsuchstaterepresentinga local minimaof theerrorfunction. We
show thatenforcinghierarchicaljoint limits on theshoulderandelbow joints during tracking
allowsoursystemto overcometheseproblems.

The interestedreadercandownloadmpeg movies for Figs 13, Figs. 14 and15 from our
websiteat http://cvlab.ep�.ch/research/body/limits/�g/cviu. They include the completese-
quencesalongwith depictionsof the�t of themodelto the3–Ddatathatareeasierto interpret
thanthe,of necessity, still picturesthatappearin theprintedversionof thepaper.
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6 Conclusion

We have proposedanimplicit surfacebasedapproachto representingjoint limits thataccount
for bothintra-andinter-joint dependencies.Wehavedevelopedaprotocolfor instantiatingthis
representationfrom motioncapturedataandshown that it canbeeffectively usedto improve
theperformanceof abody-trackingalgorithm.

Thiseffectivenesslargelystemsfrom thefactthatour implicit surfacerepresentationallows
usto quickly evaluatewhetheror notaconstraintis violatedand,if required,to enforceit using
standardconstrainedoptimizationalgorithms.We have demonstratedthis in thespeci�c case
of theshoulderandelbow but theapproachis genericandcouldbetransposedto otherjoints,
suchasthehip andkneeor themany coupledarticulationsin thehandsand�ngers.

Thequality of thedatawe useto createour representationis key to its accuracy. Thecur-
rentacquisitionprocessrelieson opticalmotioncapture.It is reasonablysimpleandfast,but
couldbe improvedfurther: Currently, whensamplingtherangeof motionof a joint, we have
noimmediatefeed-backonwhetherwehaveeffectivelysampledtheentireattainablespace.To
remedythisproblem,wewill considerdesigninganapplicationthatprovidesimmediatevisual
feed-backdirectly duringmotionacquisition.This shouldprove very usefulwhenextending
theproposedtechniqueto largerhierarchiesof joints thantheparent-and-childoneconsidered
in this paper. Anotherpromisingdirectionfor future work is to replacethe valid/invalid di-
chotomywe have usedis this work by a moreprobabilisticapproach.It is well known that
someposturesaremorecomfortablethanothers,andhumanbeing,unlike robots,will tendto
avoid theunpleasantonesunlessthey have no choice.Theseuncomfortablepositionsusually
aretheonesclosethe limits andour implicit surfaceformalismis potentiallywell adaptedto
describea smoothtransitionfrom “possiblewithout any trouble” to “absolutelyimpossible
withoutseriousinjury.”
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(42) (43) (44) (45) (56)
Figure13: Top rows: Unconstrainedtracking.Bottomrows: Trackingwith joint limits enforced.Up
until the �rst frameshown here,thearmis tracked correctlyin bothcases.However, at frame42, the
subjectstraightensher arm. In the unconstrainedcase,this is accountedfor by backward bendingof
theelbow joint, whichresultsin thecorrectreprojectionbut theabsolutelyimpossiblepositionof frame
56. By contrast,with theconstraintsenforced,thereprojectionis just asgoodbut thepositionis now
naturalwith anarmthathasbecomerelatively straight.
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(48) (49) (50) (51)
Figure 14: Top rows: Unconstrainedtracking. Bottom rows: Trackingwith joint limits enforced.
Trackingwithoutconstraintsresultsin excessiveshoulderaxial rotationat frame50,followedby wildly
invalid elbow extensionon top of the incorrectshouldertwisting at frame 51. In this frame, there
happensto bevery little datafor theforearm,which endsup beingerroneously“attracted”by thedata
correspondingto theupperarm. As canbeseenin thebottomrows,whentheconstraintsareenforced,
the erroneousattractionremainsbut, sinceit would lead to an illegal position, it is ignoredby the
optimizer.
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(1) (23) (25) (31) (34)
Figure15: Top rows: Unconstrainedtracking. Bottomrows: Trackingwith joint limits enforced.In
theabsenceof constraints,theshoulderaxial rotationis wrongfrom frame1 onwards.In frames23 to
25, this resultsin thearmbeingerroneously“attracted”by the3–D datacorrespondingto thehip. The
tracker thenrecovers in frame31, only to yield an invalid elbow �e xion in frame34. As before,the
constraintskeeptheerroneousattractorsfrom having adamagingimpact.
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