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Abstract

Model-basedptical motion capturesystemsrequire knowledge of the
positionof the markersrelative to the underlyingskeleton,thelengthsof the
skeletons limbs, andwhich limb eachmarker is attachedo. Thesemodel
parametergretypically assumedindenterednto the systemmanually al-
thoughtechniquesxist for calculatingsomeof them,suchasthe positionof
themarlersrelative to the skeletonsjoints.

We present fully automaticprocedurefor determiningthesemodelpa-
rameters.It tracksthe 2D positionsof the markerson the camerasimage
planesand determinesvhich markerslie on which limb beforecalculating
thepositionof theunderlyingskeleton.Theonly assumptioris thattheskele-
tonis madeup of rigid limbs connectedvith ball joints.

The proposedsystemis demonstratedn a numberof real dataexamples
andis shown to calculategoodestimate®f the modelparameterin each.

1 Intr oduction

Moderntechniquedor opticalmotioncapturenvolve simultaneoushestimatinghe pose
of the underlyingskeletonof the subjectwhile trackingthe movementof the markerson
the camerasimageplaneg[5, 6,12]. Knowledgeof how the skeletonmovesconstrains
how the markersmove andallows captureof morecomplex motionthanis possiblewith
model-lessnarkertracking.

Trackingsystemdasedon skeletalmodels,however, requireknowledgeof theloca-
tion of themarkersrelative to the skeleton particularlyto thejoints, aswell asthelengths
of eachof the limbs. This information changeswith eachsubjectasnewv markersare
attachedand asthe size of the subjectvaries. The location of the joints relative to the
markersareof particularinterestto doctors,physiotherapistandsportsmotion analysts
who desireit to analysethe precisemovementsof patientsor athletes. Typically, these
modelparameterareassumednown andenterednto thetrackingsystemmanually[8].

This paperpresentaitechniqudor calculatingthesemodelparameters— whichlimb
eachmarlkeris attachedo, thelocationof the markersrelative to theunderlyingskeleton,
andthelengthsof eachlimb — giventhe 2D co-ordinate®f the bright pointsdetectedat
eachcamerasimageplane.Theprocedures fully automatic.

747

BMVC 2002 doi:10.5244/C.16.73



Recently techniqueshave beenproposedo calculatemuchof this information, par
ticularly the location of the joints [4, 10,13,14], however all of theserequirethe three-
dimensionalkrajectoryof eachmarker andknowledgeof which limb eachmarlker is at-
tachedto. And in orderto calculatethe three-dimensiondrajectoryof eachmarker, it is
necessaryo tracktheir movementat the cameramageplane whichis difficult withouta
modelof theunderlyingskeleton.

For thisreasonwe proposehatthe subjectperforma shorttrainingsequencerior to
performingthe motionthatis to be captured Themovementduringthetrainingsequence
shouldbeslower thanfor typical motioncaptureandefforts shouldbe madesothatevery
marker canbeobsenedby atleasttwo cameragor mostof the sequenceMotionsof this
naturecan be tracked without a model, andthe resultingtrack can be usedto calculate
the modelparametersyhich in turn areusedto track morecomple< motion. Eachlimb
shouldalsobe rotatedaboutits joints duringthe sequencesothatthejoint locationscan
beidentified.

Thesuggestionf atrainingsequencéo calculatemodelparametersanalsobefound
in [6], howevertheir methodsarenot automaticandusea non-optimaliterative technique
for calculatingthejoint locations.

Our procedurdor calculatingthe modelparameterfrom thetrainingsequencés:

1. Calculatethe three-dimensionaposition of eachmarker during the training se-
qguence

2. Calculatewhich markersareattachedo eachlimb

3. Calculatethe size and position of the underlyingskeletonandthe location of the
markersrelative to it

Section®, 3 and4 describethesethreestepsn moredetail.

2 Generating 3D marker positions

The first stagein estimatingthe modelparameterss calculatingthe three—dimensional
trajectoryof eachmarker duringthetrainingsequencel et the positionof eachmarkern
attime k bey, (k), wheren € {1,.., N} andk € {1, .., K}. Theinputto this stageis the
2D co-ordinate®f the bright pointsdetectecbn eachcameras imageplane.

The difficulty in calculatingy is thatthe associatiorbetweenmarkersand detected
pointsis unknavn, andestimatingthis associatiorfor eachtime frameusinga globalop-
timisationor batchtechniquds computationallyinfeasible.Insteadwe proposestandard
sequentiakstimation(tracking)techniqueg2] to performthistask.

Uponthearrival of a new setof detectionsattime &, we

1. Predictthe position of eachmarker at time k, §,(k), by projectingforward the
currentestimateof the marker's trajectoryasgivenby v, (k — 1), y,(k — 2), etc.
Eitherlinearor cubicinterpolationwasusedfor this.

2. Calculatethe most likely markerto—detected-poinassociationat time & using
Gn (k).
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Figurel: Exampleinputto the3D pointtracker. Thepredictedositionsof themarkerson

the cameramageplanesareshowvn by the crosseswhile the circlesmarkthe detections.
The associatiorsteprequiresmatchingcirclesto crossesn eachcameraand matching
circlesbetweercamerasNotethateachcameranay not detectall markers.

3. Calculatethe three—dimensionaharker position,y,, (k). If the associatiorof step
2 determinedthat two or more cameragdetectedmarlker n, y, (k) is found with
standardriangulation[7]. If only onecameradetectednarler n, y,, (k) is acom-
promisebetweenits predictedposition, §,,(k), andthe 3D ray projectedthrough
the detectionon the cameras imageplanefrom the cameras origin. If no cameras
detectednarkern, y, (k) = g, (k).

Of thesethreesteps calculatingthe associatioprovesthe mostproblematic At each
time k, we desireto labeleachdetectionin eachcamerawith the markerthatgeneratedt.
The probleminvolvesminimising the costof associatingnarkersto detectionsput also
thecostof associating detectionin onecamerao adetectionin another Figurel shavs
anexampleinputto this stageof thetrackingprocess.

Let M bethe numberof camerasandy bethe (M + 1)—dimensionamatrix repre-
sentingthe association.y;, i,,...ir, IS 1 if markeriy generatedletectioni; in cameral,
detectioni, in camera2, andsoon. If ary of theseconditionsarenottrue, x;, i....ir IS
0. Werequirey which minimises

N @ Qu
E : E : E : Xio,it1,--,inm Ciosit,eyim (1)
i0=111=1 im=1

whereQ., is thenumberof detectionsn cameran andc;, , ....i,, IS thecostof assuming
thatmarkerig generatedletectiongy, .., 75, in camerad, .., M respectiely.

M
Cig iv,..ying — r(ila :lM) + z d(ioaim) (2)

m=1

wherer(iy, .., ipr) isameasuref how well detections, .., i, reconstructasinglepoint
in spacgthatis, how well they satisfythe epipolarconstrain{3]), andd(n, i,,) is the L,
distancebetweerthe predictedpositionof markern (asprojectedontotheimageplaneof
cameran) anddetectioni in cameram.

Theminimisationof equation(1) is donesubjectto the constrainthat y marmginalised
overary oneof its dimensiongs unity. Thisensureshateachmarkeris associategvith at
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mostonedetectionin eachcameraandthatarny detectionin agivencameras associated
with at mostonedetectionin anothercamera.

The problemdescribechereis the general(M + 1)—dimensionalinear association
problem. For the 2D case(for example,associatingnarkersto the detectiondn asingle
camerapr the detectiondbetweerntwo cameraonly), fastandefficient algorithmsexist
for computingthe optimumassociatiorf1, 9]. However, for higherdimensiongM > 2)
theproblemis NP-hard.

The generaldataassociatiorproblemhasrecentlyreceved muchattentionfrom the
radartrackingcommunitywho recommend techniquecalledLagrangiarrelaxationfor
estimatingthe optimal associatiorj2, 11]. Lagrangiarrelaxationworks by first relaxing
the uniquenessonstraintalongall but two of the dimensionso thatthe problemcanbe
solved, providing apossiblyinfeasible“dual” solution. Fromthedualsolution,afeasible
“primal” solutioncanbeattainedby consideringhetwo dimensiongor whichtheunique-
nessconstraintholdsasa singledimensionandrepeatinghe processlt is notguaranteed
thatthe primal solutionis the optimumassociationhowever the distancebetweerit and
the dual solutionprovidesa measureof how closeit is to the optimum. The solutionis
refinedby weightingthe elementf ¢;, ;, ... ;,, thatviolate the uniguenesgonstraintin
the dual solutionby someamount(the Lagrangiamrmultipliers) andcalculatingnew dual
andprimal solutions.

UsingLagrangiarrelaxationto estimatehe mostlik ely markerto—detected-poirds-
sociationat eachtime k in conjunctionwith the otherelementsof the 3D point tracker
aslisted above, we are ableto calculatethe three—dimensiongbosition of eachmarker
at every time framebut the first. For time k£ = 1, no predictionfor y,, (k) exists sowe
insteadcalculateonly the M -dimensionalassociationyg, ,...i,,, betweenthe detections
on eachcameramageplane.lt is from this associatiorthatwe reconstrucy,,(1). Thus,
it is necessaryor eachmarker to bevisible by at leasttwo camerasn thefirst frameof
thetestsequence.

Trackingthe markersin this manneris proneto errorsif the markersmove too far
from their predictedpositionsbetweertime framesandif markersareoccludedfrom all
camerador too long. It is for this reasonthat we suggesi separatdraining sequence
during which the subjects motionsare slow and suchthatevery marlker is visible to at
leasttwo camerasnostof thetime.

To the knowledge of the authors,this work providesthe first attemptto apply the
Lagrangiarrelaxationtechniqueo computewision andto solve the problemof matching
pointsbetweermorethantwo imagesusingan efficient searchalgorithmover the entire
associatiorspace.

3 Calculating Lik ely Mark er—to—Limb Associations

Giventhethree-dimensionatrajectoryof eachmarker, it is thennecessaryo determine
which markersare attachedo which limbs of the subject. Let 2 bethe N x L matrix
representinghis marker—to—limbassociationwhereL is the numberof limbs. Q,, ; is 1
if markern is attachedo limb [ andzerootherwise.We assumehata givenmarker can
lie only onasinglelimb, yetagivenlimb may containany numberof markers.

To ensurehesystemis morerobust, it is desiredo calculatenotonly a singleassoci-
ation,but themostlikely a associationsyherea is typically of theorderof 10 or 20. The
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a proposednarkerto—limb associationgre thenpassedo the algorithmsof section4,
which estimatenot only themodelparameterdyut alsohow well themodelparameter$it
the obsened marker trajectoriesgiven eachassociation.The true associations the one
which providesthe bestestimateof the modelparameters.

Calculatingthe mostlik ely valuesof €2 is performedn two stagesFirst, markersthat
are attachedo the samelimb areidentified. This is doneby observingwhich markers
remaina fixed distancefrom eachotherover the durationof the training sequenceWe
createan N x N matrix D, where Dy 2 is the varianceof the L3 distancebetween
yn1 (k) andy,2(k) overall k. Notethat D is symmetricandthe elementsalongits major
diagonalarezero.Markersaregroupedasbeingattachedo thesameimb if theelement
of D correspondindo the varianceof the distancebetweenthemis lessthana certain
threshold.In the eventof aninconsistenyg, for example,if amarkeris groupedwith two
othersthat are not themselesgroupedtogethey the smallerelementof D haspriority.
Thethresholds chosersothatexactly I groupsof markersarecreated.

This procedurecreatesa singlesetof groupsof markers,or markerto—groupassoci-
ation. Differentsuchassociationsanbe createdby groupingtogethemarkersthatwere
forcedto bein differentgroupspreviously to avoid inconsistenciesin thesecasesthe
inconsisteny is solved by forcing a differentpair of markersto bein differentgroups.
Leta; bethenumberof marker-to—groupassociationformed,whichis afunctionof the
numberof markers,limbs, andinconsistenciefoundwhenanalysingD.

Thesecondstageof calculating(2 involvesassociatinghe groupsof markersto aspe-
cific limb of the body; suchastheforearm,or upperleg. Thisis doneby first calculating
the L3 distancebetweenthe centroidof eachgroup of markersin a giventime frame,
usuallythe first, for this is typically whenthe actoris standingin a neutralpose. For a
givengroup—to—limbassociationit is thenpossibleto calculatethe sumof the distances
betweerthelimbs thatarelinked. For example,the lower armis connectedo the upper
armsothe distancefrom the centroidof the groupof markersassignedasthe lowerarm
to the centroidof markersassignedsthe upperarmareincludedin this calculation.We
selecttheas group—to—limbassociationgor which the sumof the distancedetweerthe
limbsis smallestwhereas is typically 4 or 5.

The searchspacefor the besta, group—to—limbassociationss lessenedby consider
ing the positionin 3D spaceof the centroidof eachgroup. For example,if it is known
thatthe subjectstandsn thefirst frameof thetrainingsequencehegroupsof markersin
thelower half of thefield of view neednotbeconsidere@spossiblyattachedo thearms
or upperbody:.

This secondstageof associatingnarkersto limbs is performedon eachof the a;
marker-to—groupassociationformedin thefirst stage Giventhatwe form a» group—to—
limb associationgor each,we provide, asexpected,a = ajas possiblevaluesof Q for
inputto thealgorithmsof the next section.

FromaBayesiarperspectie, we seekthe maximumof the posteriordensityfunction,

P(R,e,t,Qly) = P(R, e, 1|, y) P(Qy) ®3)

where R, e andt arethe desiredmodelparametersThe techniquef this sectionide-
ally estimatethe valuesof Q2 which provide the a maximumvaluesof the secondterm,
P(9]y). Althoughit is not guaranteethatthe mostlikely associatiorwill maximisethe
entire posterior is it expectedthat one of the besta will. It is for this reasonthat we
calculatemultiple associations.
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Figure 2: The motion of two limbs connectedby a single ball joint. e is the marker
positionsrelative to thejoint, z is the obseredpositionof the markers, R is the rotation
of thelimbs andt is the positionof thejoint.

Thefollowing sectiondescribefiow to estimateR, e andt sothatthefirst of theabove
terms,P(R, e, t|Q,y), is maximised.This is donefor eachmarkerto—limbassociation,
providing a pointson the surfaceof the posterior oneof whichis its maximum.

4 Calculating the Mark er Offset Vectors

Giventhethree-dimensionglositionof eachmarker overtime anda knowledgeof which
limb eachmarkeris attachedo, it is possibleto calculateheunderlyingaxesof rotations,
the three-dimensiongpositionsof the joints aroundwhich the rotationsoccur andthe
position of the markerswith respectto thesejoints [4,10,13,14]. We adopta similar
approacho thatof [4], asthe solutionsareclosed-formandthusquick to calculate.

We initially considereachjoint andthe pair of limbs rotatingaboutit independently
Thegeneralmotionof thisjoint andtwo limbsis describedy

Ri(k)el +ti(k) = 2 (k) 4)

wheree! is the position of marker p on limb ! with respectto the joint, ¢(k) is the
trajectoryof thejoint, R;(k) betherotationwhich definesheorientationof limb [ attime
k duringthe training sequenceandz{ (k) is the three-dimensiongbositionof marker p
onlimb ! attime k. 2P (k) is y, (k) wheren is a functionof Q. Figure2 illustratesthis
motionof thejoint andtwo limbs.

We first solve for R;(k) by subtractingdifferentinstanceof equation(4) (for differ-
entp andk) andeliminatingt ande. Next, we solve for e} by eliminatingonly ¢ and
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combiningequationsof differentl, andfinally ¢ is determinedby substitutingthe esti-
matesfor R ande backinto equation(4). In eachcase theresultingequationsarelinear
andcontainexcess put noisyinformation,so canbe solveddirectly usingaleastsquares
method.Whenestimatingherotationmatrices,R;(k), themethodof [7] is used.

The readeris referredto [4] for moredetailedinformationon estimatinge, R andt
from y andf? in this manner

Theabove procedurds performedor eachof the a marker-to—limbassociationsal-
culatedin section3. The likelihood of e, R andt is a function of the reconstruction

error,
E=Y"3">"|Ri(k)e] + ta(k) — 27 (k)] (5)
k l P

We selectthe markerto—limbassociation§?, andits correspondingnodelparameters,
R andt for which thereconstructiorerroris smallest.

Whenconstructinga tracker for generalmotion captureof the subject,we areinter-
estedin e, the marker positionsrelative to the joints, andthe lengthof eachlimb. The
limb lengthsarecalculatedoy averagingthe L3 distancebetweerthetrajectorief each
joint, t; (k).

5 Results

Thesystenproposedn theprevioussectionsvasimplementedandtestedon anumberof
real dataexamples.In eachcase a simpletraining sequencevasperformedwhich con-
sistedof moving thelimbs of interest(primarily arms)slowly andensuringthatrotation
occurredat eachjoint.

In eachcase the Lagrangiarnrelaxationtechniqueof section2 alwaysconvergedon
the correctmarkerto—detected-poirtssociatiorand the 3D point tracker successfully
generatedrajectoriesof the markers,y.,, (k). Also for eachcase the algorithmsof sec-
tion 3 determinedhe correctmarker-to—limbassociation.

Figure 3 shaws the resultof calculatingthe marker positionsrelative to the joint, e,
andthe joint position, ¢, for the two limb case. Figure 4 shaws the resultof applying
the proposedechniqueto a morecomplex skeletalmodel. In this case two armsand 15
markerswerebeingtrackedandusedto calculatetherequiredmodelparametergthe axis
betweerthe shouldersvasconsideredsalimb).

As canbe seenfrom thesetwo figures, the resultingestimatesof the marker, joint
andlimb positionsfit the obsened marker positionswell, andthe estimatedunderlying
skeletonappeargo follow the motion of the subject.

Eachtraining sequenceavas 20 secondsand 500 frameslong, and calculatingthe
modelparametersook about5 second®nal GHz pentiumPC.

6 Conclusions

Fromthe initial testsperformedso far, it appearghat the proposedorocedurefor esti-
mating the model parametersvorks very well. The systemcalculatesvhich limb each
marker is attachedo, the locationof the markersrelative to the underlyingskeleton,and
thelengthsof eachlimb. It is fully automaticandrunsveryfast.
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Figure 3: Calculatingthe marker offset positions,e (the circles and lines) and centre
of rotation, ¢(k) (doublecircle) for two limbs. Crossegepresenthe obsened marker
positions,z(k).
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Figure 4: The calculatedunderlyingskeletonfor a seven limb model, shovn at three
differenttime framesduringthetrainingsequenceThegraylinesrepresenthe estimated
limbs, the circlesandlinesrepresenthe marker offsetvectors,andthe crossesepresent

theobseredmarker positions,z (k).
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