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Abstract

To increasethe reliability of existing humanmotiontrackingalgorithms,we propose
amethodfor imposinglimits on the underlyinghierarchicajoint structuresn a way that
is true to life. Unlike most existing approachesywe explicitly representdependencies
betweerthe variousdegreesof freedomandderive theselimits from actualexperimental
data.

To this end,we usequaterniongo represenindividual 3 DOF joint rotationsand Eu-
ler anglesfor 2 DOF rotations,which we have experimentallysampledusingan optical
motion capturesystem.Eachsetof valid positionsis boundedoy animplicit surfaceand
we handlehierarchicadependencieBy representinghe spaceof valid con gurationsfor
achild joint asafunctionof the positionof its parentoint.

This representatioprovides us with a metric in the spaceof rotationsthat readily
lets us determinewhethera postureis valid or not. As a result, it becomesasyto in-
corporatehesesophisticateadonstraintgnto a motion trackingalgorithm,usingstandard
constrainedptimizationtechniques We demonstratehis by shaving thatdoing sodra-
maticallyimprovesperformancef an existing systemwhenattemptingto track comple
andambiguousupperbody motionsfrom low quality sterecdata.

This work wassupportedn partby the SwissNationalScienceFoundationandin partby the EU Cog\MSys
project.



1 Intr oduction

Eventhoughmary approacheso trackingand modelingpeoplefrom video sequencebave

beenand continueto be proposed 10, 22, 21], the problemremainsfar from solved. This

in partbecausemagedatais typically noisy andin partbecausat is inherentlyambiguous
[25]. As shawn in Fig. 1, several posturessomeof which are anatomicallyimpossible,can

explainthedataequallywell. Introducingvalid joint limits is thereforeoneimportantpractical
steptowardsrestrictingmotiontrackingalgorithmsto humanlyfeasiblecon gurations,thereby
reducingthe searchspacethey mustexplore andincreasingtheir reliability by eliminatinga

mary local minima.

(b)

Figurel: Motion capturefrom noisy stereodata.(a) Oneimagefrom a stereopair. (b,c) Two possible
postureshat accountfor the stereodata,which is depictedby the reprojectionsof triangulated3—D
points. Thesereprojectedointsappeain gray, or redif printedin color. Notethe completelydifferent
shoulderandelbaw twiststhatresultin differenthandorientations.

Thisis currentlydonein mary existing vision systemg5, 6, 25, 28] but the limits areusu-
ally representeth anoversimpli ed mannerthatdoesnot closelycorrespondo reality. The
mostpopularapproachs to expresghemin termsof hardlimits ontheindividual Eulerangles
usedto parameterizgoint rotations. This accountsneitherfor the dependenciebetweenan-
gularandaxial rotationsin ball-and-sockt joints suchasthe shouldeljoint northosebetween
separatgoints suchasthe shoulderandelbow. In otherwords,how muchonecantwist one's
arm dependson its positionwith respectto the shoulder Similarly, one cannotbendone's
kneeby the sameamountfor ary con gurationof the hip. An additionaldif culty stemsrom
the factthat experimentaldataon thesejoint limits is surprisinglysparse:medicaltext books
typically give acceptableangesin a coupleof planesbut never for the whole con guration
spacd 8], whichis whatis really neededy anoptimizationalgorithmsearchinghatspace.

In earlierwork, we proposecda quaternion-basethodelapproactto representinghe de-
pendenciebetweerthe threedegreesof freedomof a ball-and-sockt joint suchasthe shoul-
der[15]. It relieson measuringhejoint motionrangeusingopticalmotioncapture converting
therecordedvaluesto joint rotationsencodedy a coherenguaternioneld, and, nally, rep-
resentinghe subspacef valid orientationsasanimplicit surface. Here,we extendit sothat
it canalsohandlecoupledjoints, which we treatasparentandchild joints. We representhe
spaceof valid con gurationsfor the child joint asa functionof the positionof the parentoint.

2



(b) (d)
Figure2: Couplingof armpositionandelbow joint limits. (a,b)Whenthearmis in front of the body,
theelbow can e x andtwist freely. (c,d) By contrastwhenthe armis behindonesback,the rangeof

possibleelbov motionsis muchmorelimited.

We chosethe caseof shoulderandelbow joints to validateour approachbecausehe shoul-
deris widely regardedasthe mostcomplex joint in the body andbecausegpositionof thearm
constraingheelbown'srangeof motion. Theinterestedeadercaneasilycheckby thisadopting
the positionsdepictedby Fig. 2 andtrying to e x andtwist the elbow. The rangeof possible
motionsin muchmorelimited whenthearmis behindonesbackthanin front of oneschest.

To modelthis,we developedamotioncaptureprotocolthatrelieson opticalmotioncapture
datato measureherangeof possiblemotionsof varioussubjectsandbuild ourimplicit surface
representationWe thendemonstratehe applicability of the proposedepresentatiomothin
the context of ComputerAnimation and ComputerVision: For animationpurposesye showv
thatit allows the automatedransformatiorof an unrealisticanimatedmotion into a realistic
movementthat still resembleghe original one. For vision purposeswe useour approacho
dramaticallyimprove the performanceof an existing system[24] when attemptingto track
complex andambiguousipperbody motionsfrom low quality stereodata.

In short,themethodwe proposehereadvanceghestate-of-the-afbecausé providesaway
to enforcejoint limits on swingandtwist of coupledjoints while at the sametime accounting
for their dependenciesSuchdependenciebave alreadybeendescribedn the biomechanical
literature[14, 17] but usingthe correspondingnodelsrequiresestimatinga large numberof
parametersyhichis impracticalfor mostComputetVision applications Our contribution can
thereforebeunderstoodsaway of boiling down thesemary hard-to-estimatparametermto
our implicit surfacerepresentationthat can be both easily instantiatedand usedfor anima-
tion of video-basednotion capture.Furthermorethe framevork we adwocateis genericand
couldbeincorporatednto ary motion-trackingapproactihatrelieson minimizinganobjectve
function.

In theremaindeiof the paperwe rst brie y review the stateof theart. We thenintroduce
our approachto experimentallysamplingthe spaceof valid posturesthat the shoulderand
elbow joints allow andto representinghis spacan termsof animplicit surfacein Quaternion
spaceFinally, we demonstrateur methods effectivenesdor trackingpurposes.



2 RelatedApproaches

The needto measurgoint limits arisesmostoftenin the eld of physiotherap andresultsin
studiessuchas[16] for thehip or [8, 20] for theshoulder Many of theseempiricalresultshave
subsequentlpeenusedin our community

2.1 Biomedical Considerations

Whenwe referto the shoulderjoint, we actuallymeanthe gleno-humerajoint, which is the
lastjoint in the shouldercomplex hierarchy It is widely acceptedhat modelingit asa ball-
and-sockt joint, which allows motion in three orthogonalplanes,approximatests motion
characteristicsvell enoughfor visual tracking purposeqd21]. This approximationhasbeen
validatedby a substantialbody of biomechanicakesearchthat hasshown that, becauseof
large-bone-to-skirdisplacementsno clavicular of scapulammotionscan be recoreredusing
externalmarkers[7, 2].

However, the dependeng betweenarm twist and arm orientation,or swing, is a direct
consequencef the complex joint geometryof the shouldercomplex [19]. Couplingbetween
elbowv andshoulderis not only dueto anatomicareasonsbut alsoto the physicalpresencef
therestof thebody, namelythethoraxandthe head thatlimit theamountof elbov e xion for
certainshoulderrotations. As to elbow twist, the dependengis anatomicakndthe available
rangeof motion s directly linked to shoulderorientation[31]. It is thoseintra- and inter
joint dependenciethat make the shoulderandelbowv complex idealto validateour approach.
Furthermoresimilar constraintsexist for the hip andkneejoints and our proposedapproach
shouldbe easyto transpose.

Of course the interdependencef thesejoint limits hasbeenknown for a long time and
sophisticatednodelshave beenproposedo accountfor them, suchasthosereportedin [14,
17]. However, the formerinvolvesestimatingover fty elasticandviscousparametersyhich
mayberequiredfor precisebiomedicalmodelingbut is impracticalfor Computeision appli-
cations,andthelatterfocusesn motionsin the sagittalplaneasopposedo fully 3—D dimen-
sionalmovements.

It is worth noting thatinter-subjectvariancehasbeenshown to be extremelysmall at the
shoulderjoint level [31]. The online documentatiorfor the HumanoidAnimation Working
Groupcon rms that the differencein rangeof motion of womenover menis minimal at the
shoulderjoint level, andsmallfor the elbow joint. The experimentaldatawe presentin Sec-
tion 3 con rms this. Thus,it is acceptablé¢o generalizeesultsobtainedon the basisof mea-
surementgarriedout on a very smallnumberof subjectsaswe have donein our casewhere
datacollectionwascarriedout on threesubjectsiwo femalesandonemale.



2.2 Angular Constraints and Body Tracking

Thesimplestapproachio modelingarticulatedskeletongs to introducgoint hierarchiesormed
by independent-Degyree-Of-Freedon(DOF) joints, often describedn termsof Eulerangles
with joint limits formulatedasminimal andmaximalvalues.This formalismhasbeenwidely
used[5, 6, 22, 25, 28], eventhoughit doesnot accountfor the couplingof theintra- or inter-
joint limits and,asa result,doesnot properlyaccountfor the 3-D accessibilityspaceof real
joints.

Furthermore Euler anglessuffer from an additionalweaknesknown as“Gimbal lock”.
Thisrefersto thelossof onerotationaldegreeof freedomthatoccurswhena seriesof rotations
at 90 degreesis performed,resultingin the alignmentof the axes[4, 32]. The swing-twist
representationexponentialmap, and three-spherembeddingare all adequateo represent
rotationsanddo notexhibit such aws[11]. However, only quaternionsrefreeof singularities
[27]. As thereis a goodapproximatiorof the naturaldistancebetweerrotationsin quaternion
space,it is alsothe mostohvious spacefor enforcingjoint-angle constraintsby orthogonal
projectiononto the subspaceof valid orientations. Thesepropertieshave, of course,been
recognizecandexploitedin our eld for mary years[23, 9].

Thejoint limits representatiowe proposecanthereforebeunderstoocdsaway of encoding
the workspaceof the humanupperarm positionsusing a formalismthat could be appliedto
ary individual joint, or setof coupledjoints, in the humanbody model.

3 Measuring and RepresentingShoulderand Elbow Motion

For the shoulderand elbowv coupledjoint set,we will be usingrespectrely quaternionsand
Euleranglesto expressheir rotations.For the caseof the shouldeljoint, of all 3 DOF rotation
representationsye optfor quaternionsvhosenaturaldistancemetricbetweerrotationsis well
approximatedy the Euclideandistance 18], thussupplyingthe mostnaturalspacen which
to enforce3 DOF joint-angleconstraintdy orthogonalprojectiononto the subspacef valid
orientationd27]. Furthermoreguaterniongrenot subjectto singularitiessuchasthe“Gimbal
lock” of Euleranglesor the mappingof 2n  rotationsto zerorotationsof axis-anglesFor the
elbow joint, we have choserto represenits 2 DOF rotationwith two successie Eulerangles,
asthisis themostcompactepresentatiofor sucharotationin termsof numberof parameters,
hasno singularitiesin this con guration,andtherotationdecompositions unigue,contraryto
the3 DOF case As aresult,it become®asyto incorporatehesesophisticatedonstraintsnto
amotiontrackingalgorithmusingstandarctonstrainedptimizationtechniqueg1].

We will considerthe setof possiblejoint orientationsand positionsin spaceasa path of
referentialframesin 3-D spacd3]. In practice we representotationsby the sub-spacef unit
quaternionss® forming a unit spherein 4-dimensionabkpace.Any rotationcanbe associated
to aunit quaterniorbut we needto keepin mind thatthe unitary conditionneedgo beensured
atall times.A rotationof radiansaroundtheunit axisv is describedy the quaternion:

0= [0 G oWl" = [sin (5 )vicos5 )"
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Sincewe aredealingwith unit quaternionsthefourth quaterniorcomponenty, is adependent
variableandcanbededucedupto asign,fromthe rst three.Givendatacollectedusingoptical
markers, we obtaina cloud of 3-D pointsby keepingthe spatialor (g; ¢; ¢,) coordinatesof
the quaternion.In otherwords, thesethreenumberssene asthe coordinatef quaternions
expresse@sprojectionson threecorventionalCartesiaraxes.

(b) (©) (d)
Figure3: Marker positionsand associatedeferentials.(a) Motion captureactorwith markers. (b)
Shoulderandelbowr coordinatérame. (c) Quaterniorshoulderdata.(d) Eulerangleelbown data.

Becausave simultaneouslyneasureswingandtwist componentsandbecause¢he quater
nion formalismlets us expressboth within onerotation, this representatiorcan capturethe
dependencieketweerswingandtwist thatwill appeain our motioncapturedata.

3.1 Motion Measurement

We capturedshoulderandelbon motionusingtheVicon™ Systemwith asetof strateically-
placedmarkerson the upperarmasshowvn in Figure3(a). An additionalmarler is placedat
necklevel to sene asa x edreference.

If wewish ourjoint limits to beaspreciseaspossible andto re ect therangeof motionas
closelyaspossible we needto pay attentionto samplingthe spaceof attainableposturesot
only ashomogeneous|yut alsoasdenselyaspossible.

To acquirethe datausedin this paper the motion captureactorwas requestedo place
theupperarmatall possibleelevations,andthento apply anincrementatwist at the shoulder
level. At eachsuchposition,theactorshouldthencompletely e x andextendthelowerarm,as
well astwist the forearmasfar aspossiblein bothdirections.Oncethe entirereachablespace
hasbeensosampledthe Vicon systemoutputsthe 3—D global positionsof all themarkersand
labelsthem.

3.2 Motion representation

For eachrecordedposition,we constructrotatingco-ordinatdramefor the shouldejjoint. As
shavn in Fig. 3(b), the rst axisof the framecorrespondso theline de ned by the shoulder
andupperarm markers. The secondaxisis the normalto the trianglewhoseverticesarethe
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upperarm, elbon andforearmmarkers. The correspondingplanerepresentsxial rotationand
the third axisis taken to orthogonalto the othertwo. The orientationof eachframeis then
cornvertedinto aquaternion.

This corversionis achievedby rst corvertingthe computedrametoa3 3 matrix M,
where,usingEuler'stheoremM maybeexpressedn termsof its lonerealeigervectorft and
theangleof rotation aboutthataxis. Thisin turn maybe expressedsa pointin quaternion
spacepr, equivalently, a pointon a three-spher&3 embeddedn a Euclideard—D space The
identi cation of the correspondingjuaterniorfollowsimmediatelyfrom

q( ;n) = (cosé;ﬁsin é) (1)

up to thesignambiguitybetweerthetwo equivalentquaterniongjor g, which correspondo
the samerotation[13]. To resole this ambiguity we will from hereon alwaysassumethata
guaternions scalarcomponents positive. Suchanassumptiorhowever causes discontinuity
in the 3—D spaceof so-mappedjuaternionsasshaown by Fig. 4. In the illustratedcase,we
are carrying out a single axis rotation, the correspondingjuaternionswith a positive scalar
componenmoving from thecentreof the 3—D spherdowardsits surface alongtheaxis. When
thesurfaceof thespherds reachedye areatarotationof approximately . If werotatefurther
than , theequvalentquaterniorwith q, > 0 appear®ntheoppositepole. We thereforeneed
to keepin mind this phenomenomwhenmeasuringhe distancebetweerntwo quaterniong 26,
asin realitythetwo rotationsrepresentebly Fig. 4 areclose,butin 3—D spaceendup farapart.
In thecaseof joint rotations however, we have positionedourlocal axesandde ned ourinitial
posesn sucha mannerasto never reachthis discontinuity all rotationsinvolvedbeingwithin
] :+ [, but never including both endsof the interval. Specialattentionwould needto be
paidin acharacteanimationcontet, whenre-projectinganinvalid rotationto theclosestalid
one,asin the caseof arotationexceedingpi or pi, therotationwill getre-projectecntothe
wrongsideof the unit quaterniorspace.The simplestway to preventthisis to de ne thezero
angleinit posturein the middle of the rangeof motion, thusensuringthatthe possibleangles
alwaysremainin the] ;+ [intenal.

When corverting our motion capturedatain the mannerdescribedabove, we obtainthe
volumetricdatadepictedoy Fig. 3(c). For theelbaw, wetransformall markerpositionsfromthe
globalreferentialto thelocal shoulderjoint referential. Sincethe elbonv hasonly two degrees
of freedom,in Fig. 3(d), we representhe resultingdatain termsof its two Eulerangles.For
2 DOF rotations two successie Euleranglesarea perfectlyacceptableepresentatiofl2], as
they do not presentasingularityin this con guration,andthedecompositiorof ary rotationin
two planesinto a Eulerangleis uniquewithin the] ;+ [intenal.

4 Hierar chical Implicit Surface Representationof the Data

In orderto capturethe couplingbetweenwo joints in termsof rangeof motion, we propose
a hierarchicalschemewherefor eachsetof similar posturef the parentjoint, differentjoint
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Figure4: Discontinuityon the 3-spherefor quaternionswith a positive scalarcomponentWhenthe
rotationsis equialentto , the correspondingjuaternionis locatedon the surfaceof the sphere.As
soonastherotationexceeds , theequvalentquaternioris situatedat the oppositepole.

limits arederived for the child joint. More precisely joint limits, whetherfor parentor child
joint, arerepresentedy implicit surfaces.The hierarchicaketupis basedn a voxelisationof
the parentjoint rangeof motion, from which the child joint datasub-setsarethenderived,to
bein turnapproximatedy animplicit surfaceeach.

Giventhevolumetricdataof Fig.3(c,d),we approximatdt asanimplicit surface.Thiswill
provide us with a smoothanddifferentiablerepresentationf the spaceof allowablerotation
andits associateanetric, which we will usein Section5 to enforcethe correspondingon-
straintsin a very simplemanner This is importantbecausehaving beenproducedoy people
insteadof robots,this datais very noisy. In particular the regionsof lower point densityoften
correspondo motionboundariesandthereforeto uncomfortablgositions.

Implicit surfacesfor shapereconstructiorareextremelypopular andwork well, underthe
conditionthat surfacedatais available,is sufciently denseandnottoo noisy. In our case,
extractionof surfacepointsthroughvariousmethodgrovedunreliable dueto dataundersam-
pling for the postureghatthe motion captureactordeemeduncomfortable.Furthermorepur
volumetricdatais not smoothon the outsideof the datacloud, andthis addedto the dif culty
of attemptingo derive surfacepoints. For thesereasonswe will approachiheproblemdirectly
from its volumetricaspect.

4.1 Fitting an Implicit Surface

In orderto getanapproximateof the shapeof the volumetricdata,we voxelize our spaceand
computethe point densityof eachvoxel. This densitycorrespondso the numberof points
within eachvoxel, normalizedwith respecto voxel volume. We thenrecursvely sub-dvide
the voxels until eachvoxel hasa point densityhigherthana given threshold,which canbe,
for example,the densityof the dataaroundthe centerof mass.All voxels not satisfyingthis
conditionarediscarded Carryingout this voxelizationfor our shoulderandelbow datayields
theresultsshovn in Fig. 5(a,d),wherethe resultingvoxel arraysalreadyrepresenthe shape.

8



To obtainthe implicit surface enclosingthis shape,we proposeto placean implicit surface
primitive within eachof thevoxels. For this,we rst de ne the primitivesandimplicit surface
we use.

(b)

(d) (e) (f)
Figure5: Jointlimits for the shoulderandelbow joints. (a) voxelizationof the shoulderjoint quater
nions.(b) extractedimplicit surface.(c) wire-frameshouldeimplicit surfaceanddata.(d) voxelization
of theelbow joint Eulerangles.(e) extracted at implicit surface.(f) wire-frameelbav implicit surface
anddata.

As in [29], given a setof sphericalprimitivesof centerS; andthicknessg;, the implicit
surfaceis de ned as

S=fP 2 <3}F(P) = isog (2)
where
X
F(P) = fi(P)
=1
£,(P) ( kd+ ke + 1 ifd2 [0;e]

lk(d e) 2F elsavhere

whered = d(P;S) is the Euclideandistancejso controlsthe distanceof the surfaceto the
primitives' surface,whichis setby thethicknesse,, andk de nesits blendingproperties.We
additionallyde ne acut-of valueatR; = g + 2, in orderto ensurethatthein uence of each
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primitive is local, with respecto the total surface. All pointsbeyond the radiusof in uence
arediscardedanda sphericalprimitive sode ned hasa continuouslydecreasindunction, as
plottedin Fig. 6(a),for iso = 1.0, k = 5:0 ande = 1.0.

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

We placesucha primitive in eachvoxel of our datavoxelization,adjustingthe primitive's
parameterso thatits 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 = 200,
thesevalueshaving beendeterminedexperimentally To seehow closelyour ervelope ts our
data,we displaythe implicit surfacein wire-frame,in Fig. 5(c,f). The propertiesof implicit
surfacesandtheir eld functionsbeingthe samein 2 and 3-D, we apply the same tting
procedurdo the 2—-D datafor the elbow joint asfor the 3—D dataof the shouldejoint.

(b)

Figure7: Comparingsubjectsagainseachother In black,thedatafor thefemalereferencesubjectwve
usedto computethe eld functionF of Eq.2. In gray thedatacorrespondingo asecondemalesubject
(a) andto amalesubject(b). We computedhe averagedistancen termsof closestpointsbetweereach
cloud set,aswell asthe standarddeviation. For (a), this yields an averagedistanceof 0.0403anda
standardieviation of 0.0500.For (b), we obtainan averagedistanceof 0.0314anda standardieviation
of 0.0432.

To illustratetherelative insensitvity of thesemeasuremeni@crosssubjectsye have gath-
eredmotiondatafor two additionalpeople,oneof eachsex. In Fig. 7, we overlay the setsof
guaterniongor eachadditionalpersonon thosecorrespondindo thereferencesubject.Visual
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inspectionn 3—-D showvsthatthey superposevell. Thisis con rmed by computingtheaverage
closest-poindistancebetweenthe pointsof the threedata-setsaswell asthe corresponding
standardieviation. Thecomputedvalueshighlightthe similarity betweerthe measure$or the
threesubjectover the entirerangeof motion.

4.2 RepresentingDependencies

The methoddescribedabove treatsthe datafor the shoulderand the elbow independently
whichdoesnotaccounfor known anatomicatlependencieddaving measuredimultaneously
the shoulderand elbowv rotations,we could representhe coupledposturesas 5-D vectors
by concatenatin@ll the degreesof freedom. However, instantiatingsucha representation
would requirea densesamplingof the 5-D space which would be hardto collectin practice
and cannotbe expectedto ever generalizeto more completejoint hierarchies.To avoid this
dif culty andwork with the sparseidatasetsthat canrealisticallybe obtained,we introduce
a hierarchicalrepresentatiohat allows us to group the datarelative to the child joint for a
particularpositionof the parentoint.

Our methodis basedon the obsenationthatfor eachsetof rotationsof the shoulderjoint,
thereis a de ned set of acceptableotationsfor the elbav joint. We take advantageof the
voxel structureto obtainthesedatasets. Eachvoxel of the parentshoulderjoint de nes a
local clusterof similar joint positions,which we will referto askeyframevoxels As to each
measuredghoulderjoint rotationis associate@n elbowv joint position,we immediatelyobtain
thesub-sebf elbow rotationscorrespondingo this keyframevoxel. As shaovnin Fig. 8(a),for
eachkeyframevoxel, we computetheimplicit keyframesurfacecorrespondingo the subsebf
child joint rotationsthathave beenobsenedfor thosepositionsof the parentoint.

Asshavnin Fig.8(b),tore ne thisrepresentatioandensureasmoothetransitionbetween
elbow joint limits from onekeyframevoxel to the next, we cancomputentermediate&keyframe
surfacesby morphingbetweemeighboringones.

We have chosento implementan interpolationschemethat morphsbetweenunions of
spheresandwe will designateoy A the sourceobjectandby B the target object. We usethe
distanceunctionbetweera primitive a of shapeA andaprimitive b of shapeB de ned by [30]
asfollows:

dab = [(Xa Xp)°+ (Ya Yo)°+ (za z)]+ (62 ®&) 3)

where(Xa; Ya; Za) IS the centreande, the thicknessof primitive a and (Xp; Yp; ) ande, the
correspondingarametersf primitive b.

Startingfrom the shapewith lowestprimitive cardinality we performaninjective matching
of its primitiveswith thoseof theothershapesuchamatchingbeingcarriedout betweerprim-
itivesthatareclosestin termsof the distancenotion of eq.(3). After this matching,the shape
thathasthelargernumberof primitivesis now left with someunmatcheanes.Thesewe sim-
ply matchto the closestprimitive of the othershapethereforeyielding a one-to-mag match

11



betweenhe shapesOncethis matchinghasbeenestablishedwe just needto interpolatebe-
tweenthe centresandradii of the matchedorimitives,overthe chosemumberof interpolation
steps.

In Fig. 9, we shaw the effect of imposinghierarchicalshoulderandelbow joint limits to a
tennissene motionthatwashand-generatedithout takinglimits into accountwhichresulted
in mary invalid rotations.For eachframe,we enforcethelimits by orthogonalprojectiononto
theimplicit surfacethatrepresentshem,which resultsin a motion of the samenatureasthe
original onebut thatis now plausible.Fig. 10 depictsa similar behaior for arandommotion.
Note that,asa bene cial sideeffect, enforcingjoint limits alsopreventspenetratiorbetween
body partswithout having to explicitly detectcollisions.

shoulder

(@) (b)
Figure8: Hierarchicajoint limits. (a) Two keyframevoxelsandthecorrespondingreyframesurfaces.

(b) Exampleof an intermediatekeyframe surface obtainedmidway throughmorphingone keyframe
surfaceinto theother

5 Enforcing Constraints during Tracking

To validateour approacho enforcingjoint limits, we shawv thatit dramaticallyincreaseshe
performancef anearliersystem[24] that ts bodymodelsto stereo-datacquiredusingsyn-
chronizedvideo cameras.lt relieson attachingimplicit surfaces,alsoknown assoft objects,
to an articulatedskeletonto represenbody shape.The eld function of the primitiveshow-
ever differs from the one usedfor de ning our joint limits in the sensethat its density eld
is exponential,which increasethe robustnesof the systemin the presencef erroneouglata
points. Theskinis takento be a level setof the sumof these elds. De ning the body model
surfacein this manneryieldsanalgebraiadistancefunctionfrom 3—D pointsto the modelthat
is differentiable We canthereforeformulatethe problemof tting ourmodelto thestereadata
in eachframeasoneof minimizing the sumof the square®f the distance®f the modelto the
cloudof pointsproducedy thestereo.

Thestereodatadepictedby Fig. 11 wasacquiredusinga Digiclops™ operatingat a 640
480resolutionanda 14Hzframeratelt is very noisy, lacksdepth,andgivesnoinformationon
thesideor thebackof thesubject.As aresult,in theabsencef constraintstherearemary sets
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Figure9: Applying hierarchicaljoint limits to a keyframedtennissene sequence.n the top row,
we shawv the framesof the sequencevith invalid rotationsbothat the shoulderandelbow level. In the
bottomrow, theinvalid rotationsarecorrectedy enforcingthe coupledmplicit surfacejoint limits. The
correspondingnpeg moviescanbedowvnloadedrom http://cvlabep .ch/reseach/body/limits/ g/cviu .

Figure10: Applying hierarchicajoint limits to anarbitrarymotion. Note thatwe modelnot only joint
limits but alsoself penetratiorbetweerbody parts. The correspondingnpeg moviesarealsoavailable
athttp://cvlabep .ch/reach/body/limits/ g/ cviu .

of motionparameterghat t thedataalmostaswell, mostof which correspondo anatomically
impossiblepostures.

In this section,we will shav thatenforcingthe constraintausingthe formalismallows to
eliminatetheseémpossibleposturesrery effectively andresultsin muchmorerobusttracking.
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Figurell: Stereodatafor a subjectstandingin the capturevolume,rotatedfrom a left-sideview to a
right-sideview.

5.1 UnconstrainedLeast Squares

To dervethepostureof thebodymodelfrom thestereadata we applytheLevenbeg-Marquardt
least-squaresptimiser As discussecarlier the body modelis representethy anarticulated
structureto which volumetricprimitivesareattachedLet = ( 1;:::; ) correspondo the
vectorof joint anglevaluesde ning the currentpostureof themodel. Givenn 3-D datapoints
1 X n, let D(xi; ) bethedistanceto be minimized, from the datapointsto the skin
surfacede ned by the sumof the eld functionsof the primitive(s)minustheiso-valueof the
surface.
In theabsencef constraints,tting themodelto n datapointsx; simply amountgo mini-
mizing:
X
D(xi; ) 2 (4)
i=1

with respecto . Theexpressiorof thederivativeof D(X;; ) with respecto aparameter ;
is givenby [24]:

" #
@ (xi; ) — 9y T-AT- @
7@1_ 2:x; Q' @, X

whereQ de nestheposition,orientationandsizeof the primitive(s)the currentobsenation
is attachedo, for statevector

Giventhe Jacobiammatrix
@ (x;;
Jo = (é’)ilj))l i mlj m
andits pseudo-inersel , thisinvolvesiteratively addingto  incrementsproportionakto
0= J5[D(x1; ) ;5D (Xn; )]

to nd thevalueof thatminimizesD(X;; ) .
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(a) (b)
Figure12: Objectie functionassociatedo a joint-limit constraint.(a) Valueof the objective function
valuealongaline drawvn throughthe middleof animplicit surfacewith 16 primitives. (b) Gradientalong
thesamdine.

5.2 Constrained LeastSquares

Enforcinghierarchicalconstraintcanbe effectively achiezed usingwell known task-priority
stratgies. Herewe usea dampedeast-squaresiethodthat canhandlepotentiallycon icting
constraintd1]: Whena high-priority constraintis violated,the algorithmprojectsthe invalid
postureontotheclosestvalid one,whichrequirescomputingthe pseudo-inerseof its Jacobian
matrix with respecto statevariableswhichin our casearethe rotationvaluesof the model's
joints. Whena lower-priority constrainis violated,the algorithmreprojectghe Jacobianito
the null-spaceof the higherlevel constraintsothatenforcingthe lower-orderconstraintdoes
not perturbthe higherlevel one.

Letusassumave aregivenavectorof constraintsC with JacobiammatrixJc. Theproblem
becomesninimizing D subjectto C() = 0:0. This canbedonevery muchin the sameway
asbefore,exceptthattheincrementsarenow proportionalto

1= JEC() + (I &) o

where(l  J& Jc) is theprojectorinto thenull spaceof C. Thisextendsnaturallyto additional
constraintswith higherlevelsof priority, but additionalcaremustbe takenwhenconstructing
theprojectord1].

In short,all thatis neededo enforcethe constraintsis theability to computetheir Jacobian
with respecto statevariables.Theimplicit surfaceformulationof Sectiord letsusdothisvery
simply:

1. For theparentjoint, determinewvhetherits rotationis valid by evaluatingthe function F
of Eq. 2 andits derivativeswith respecto joint anglesf not. In otherwords,the higher
priority constraintcanbe expressecasmax(0;iso  F()) or, equvalently treatedas
aninequalityconstraint.
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2. For thechild joint, determineto which voxel its parentrotationbelongsjoadthe corre-
spondingchild joint limits, andverify its validity andevaluatethe derivativesusingthe
correspondingmplicit surfacerepresentationThis allows usto expressa lower priority
constraintusingthe correspondingeld function.

In practice for eachconstraintthe algorithmminimizes

8 . . .
> (F() is0)? ifF()<iso
o() = > :

0 elsavhere

whosebehaior is depictedby Fig. 12. Thisis naturalgiventhatthe pointsfor whichF () =
iso correspondo the largestallowablerotations.c() is smoothandcornvex, therebyguaran-
teeingthatjoint limit constraintawill be satis ed at every iteration. It is alsoalbegraicandits
derivativescanbe computedoy differentiatingthef ; polynomialsof Eq. 2.

This resultsin an algorithmthat ts the modelto data,while enforcingthe joint angles
constraintsata minimal additionalcomputationatost.

5.3 Tracking Results

We appliedunconstrainedndconstrainedrackingto several100-framdong sequencesyhich
correspond$o alittle over 7 secondsat 14 Hz. The optimizationof the least-squaresriterion
of Eq.4 is thenminimizedoff-line, which takesseveralsecondperframe.

In eachsequencethe subjectmovesandrotatesherright armandelbow. In Figs 13, 14,
and15, we reprojectthe recorered3-D skeletononto one of theimages. We alsodepictthe
skeletonasseenfrom aslightly differentview to shov whetheror nottherecoveredpositionis
feasibleor not.

The unconstrainedracker performsadequatelyn mary casesput herewe focuson the
placeswhereit failed, typically by producingthe solution that matchesthe databut is not
humanlypossible. Among otherthings, this canbe causedoy the sparsityof the dataor by
the fact that multiple statevectorscanyield identical error values,eachstatevectorequally
explainingthe data,andeachsuchstaterepresenting local minimaof the errorfunction. We
shaw thatenforcinghierarchicaljoint limits on the shoulderandelbow joints during tracking
allows our systemto overcometheseproblems.

The interestedreadercan download mpeg movies for Figs 13, Figs. 14 and 15 from our
websiteat http://cvlabep .ch/research/body/limits/ g/cviu They include the completese-
guenceslongwith depictionsof the t of themodelto the 3—D datathatareeasietto interpret
thanthe,of necessitystill picturesthatappeain the printedversionof the paper
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6 Conclusion

We have proposedanimplicit surfacebasedapproacho representingoint limits thataccount
for bothintra-andinter-joint dependenciedVe have developeda protocolfor instantiatinghis
representatiofrom motion capturedataandshawn thatit canbe effectively usedto improve
the performancef abody-trackingalgorithm.

This effectivenesdargely stemdrom thefactthatourimplicit surfacerepresentatioallows
usto quickly evaluatewhetheror nota constrainis violatedand,if requiredto enforceit using
standardconstrainedptimizationalgorithms. We have demonstratethis in the speci c case
of theshoulderandelbow but the approachs genericandcouldbe transposedo otherjoints,
suchasthe hip andkneeor the mary coupledarticulationsn the handsand ngers.

The quality of the datawe useto createour representatiors key to its accurag. Thecur
rentacquisitionprocesgelieson optical motion capture.lt is reasonablysimple andfast, but
could beimprovedfurther: Currently whensamplingthe rangeof motion of a joint, we have
noimmediatefeed-baclon whethemwe have effectively sampledheentireattainablespace.To
remedythis problem,wewill consideresigninganapplicationthatprovidesimmediatevisual
feed-bacldirectly during motion acquisition. This shouldprove very usefulwhenextending
the proposedechniqueo larger hierarchief joints thanthe parent-and-chil@neconsidered
in this paper Anotherpromisingdirectionfor future work is to replacethe valid/invalid di-
chotomywe have usedis this work by a more probabilisticapproach.It is well known that
someposturesaremorecomfortablethanothers,andhumanbeing,unlike robots,will tendto
avoid the unpleasanbnesunlessthey have no choice. Theseuncomfortablepositionsusually
arethe onesclosethe limits andour implicit surfaceformalismis potentiallywell adaptedo
describea smoothtransitionfrom “possiblewithout any trouble” to “absolutelyimpossible
without seriousinjury.”
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(42) (43) (44) (45) (56)
Figure13: Top rows: Unconstrainedracking. Bottom rows: Trackingwith joint limits enforced.Up
until the rst frameshawvn here,the armis tracked correctlyin both cases.However, at frame42, the
subjectstraightendherarm. In the unconstraine@¢ase this is accountedor by backward bendingof
theelbow joint, which resultsin the correctreprojectiorbut the absolutelyimpossiblepositionof frame
56. By contrastwith the constrainteenforced the reprojectionis just asgoodbut the positionis now
naturalwith anarmthathasbecomerelatively straight.
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(48) (49) (50) (51)

Figure 14: Top rows: Unconstrainedracking. Bottom rows: Trackingwith joint limits enforced.
Trackingwithout constraintsesultsin excessie shoulderaxial rotationat frame50, followed by wildly

invalid elbov extensionon top of the incorrectshouldertwisting at frame 51. In this frame, there
happengo bevery little datafor the forearm,which endsup beingerroneously'attracted’by the data
correspondingo the upperarm. As canbe seenin the bottomrows, whenthe constraintsareenforced,
the erroneousattractionremainsbut, sinceit would lead to anillegal position, it is ignored by the
optimizer
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1) (23) (25) (31) (34)
Figure15: Top rows: Unconstrainedracking. Bottom rows: Trackingwith joint limits enforced.In
the absenc®f constraintsthe shoulderaxial rotationis wrong from frame 1 onwards. In frames23 to
25, thisresultsin the armbeingerroneously‘attracted”’by the 3—D datacorrespondingo the hip. The

tracler thenrecorersin frame 31, only to yield aninvalid elbov e xion in frame 34. As before,the
constraintkeepthe erroneousttractordrom having adamagingmpact.
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