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Abstract

Model-basedoptical motion capturesystemsrequireknowledgeof the
positionof themarkersrelative to theunderlyingskeleton,thelengthsof the
skeleton’s limbs, andwhich limb eachmarker is attachedto. Thesemodel
parametersaretypically assumedandenteredinto the systemmanually, al-
thoughtechniquesexist for calculatingsomeof them,suchasthepositionof
themarkersrelative to theskeleton’s joints.

We presenta fully automaticprocedurefor determiningthesemodelpa-
rameters.It tracksthe 2D positionsof the markerson the cameras’image
planesanddetermineswhich markerslie on which limb beforecalculating
thepositionof theunderlyingskeleton.Theonly assumptionis thattheskele-
ton is madeup of rigid limbs connectedwith ball joints.

Theproposedsystemis demonstratedon anumberof realdataexamples
andis shown to calculategoodestimatesof themodelparametersin each.

1 Intr oduction

Moderntechniquesfor opticalmotioncaptureinvolvesimultaneouslyestimatingthepose
of theunderlyingskeletonof thesubjectwhile trackingthemovementof themarkerson
the cameras’imageplanes[5,6,12]. Knowledgeof how the skeletonmovesconstrains
how themarkersmoveandallowscaptureof morecomplex motionthanis possiblewith
model-lessmarker tracking.

Trackingsystemsbasedon skeletalmodels,however, requireknowledgeof theloca-
tion of themarkersrelativeto theskeleton,particularlyto thejoints,aswell asthelengths
of eachof the limbs. This informationchangeswith eachsubjectasnew markersare
attachedandasthe sizeof the subjectvaries. The locationof the joints relative to the
markersareof particularinterestto doctors,physiotherapistsandsportsmotionanalysts
who desireit to analysethe precisemovementsof patientsor athletes.Typically, these
modelparametersareassumedknown andenteredinto thetrackingsystemmanually[8].

Thispaperpresentsa techniquefor calculatingthesemodelparameters— whichlimb
eachmarker is attachedto, thelocationof themarkersrelative to theunderlyingskeleton,
andthelengthsof eachlimb — giventhe2D co-ordinatesof thebrightpointsdetectedat
eachcamera’s imageplane.Theprocedureis fully automatic.
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Recently, techniqueshave beenproposedto calculatemuchof this information,par-
ticularly the locationof the joints [4, 10,13,14], however all of theserequirethe three-
dimensionaltrajectoryof eachmarker andknowledgeof which limb eachmarker is at-
tachedto. And in orderto calculatethethree-dimensionaltrajectoryof eachmarker, it is
necessaryto tracktheirmovementat thecameraimageplane,which is difficult withouta
modelof theunderlyingskeleton.

For this reason,weproposethatthesubjectperformashorttrainingsequenceprior to
performingthemotionthatis to becaptured.Themovementduringthetrainingsequence
shouldbeslower thanfor typicalmotioncaptureandeffortsshouldbemadesothatevery
markercanbeobservedby at leasttwo camerasfor mostof thesequence.Motionsof this
naturecanbe tracked without a model,andthe resultingtrack canbe usedto calculate
themodelparameters,which in turn areusedto trackmorecomplex motion. Eachlimb
shouldalsoberotatedaboutits joints duringthesequence,sothat thejoint locationscan
beidentified.

Thesuggestionof atrainingsequenceto calculatemodelparameterscanalsobefound
in [6], howevertheirmethodsarenotautomaticanduseanon-optimaliterative technique
for calculatingthejoint locations.

Ourprocedurefor calculatingthemodelparametersfrom thetrainingsequenceis:

1. Calculatethe three-dimensionalposition of eachmarker during the training se-
quence

2. Calculatewhich markersareattachedto eachlimb

3. Calculatethe sizeandpositionof the underlyingskeletonandthe locationof the
markersrelative to it

Sections2, 3 and4 describethesethreestepsin moredetail.

2 Generating3D marker positions

The first stagein estimatingthe modelparametersis calculatingthe three–dimensional
trajectoryof eachmarkerduringthetrainingsequence.Let thepositionof eachmarker �
at time � be �����	��
 , where����������������� and ����������������� � . Theinput to thisstageis the
2D co-ordinatesof thebright pointsdetectedoneachcamera’s imageplane.

The difficulty in calculating � is that the associationbetweenmarkersanddetected
pointsis unknown, andestimatingthis associationfor eachtime frameusingaglobalop-
timisationor batchtechniqueis computationallyinfeasible.Instead,weproposestandard
sequentialestimation(tracking)techniques[2] to performthis task.

Uponthearrival of a new setof detectionsat time � , we

1. Predictthe position of eachmarker at time � , !�����"��
 , by projectingforward the
currentestimateof themarker’s trajectoryasgivenby ���#�	�%$&�'
 , �����	�($*)�
 , etc.
Eitherlinearor cubicinterpolationwasusedfor this.

2. Calculatethe most likely marker–to–detected-pointassociationat time � using!���#�	��
 .
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Figure1: Exampleinputto the3D pointtracker. Thepredictedpositionsof themarkerson
thecameraimageplanesareshown by thecrosses,while thecirclesmarkthedetections.
The associationsteprequiresmatchingcirclesto crossesin eachcamera,andmatching
circlesbetweencameras.Notethateachcameramaynot detectall markers.

3. Calculatethethree–dimensionalmarker position, �����	��
 . If theassociationof step
2 determinedthat two or more camerasdetectedmarker � , �����	�+
 is found with
standardtriangulation[7]. If only onecameradetectedmarker � , �����	��
 is a com-
promisebetweenits predictedposition, !� � �	�+
 , andthe 3D ray projectedthrough
thedetectionon thecamera’s imageplanefrom thecamera’sorigin. If no cameras
detectedmarker � , � � �"��
-,.!� � �	��
 .

Of thesethreesteps,calculatingtheassociationprovesthemostproblematic.At each
time � , wedesireto labeleachdetectionin eachcamerawith themarkerthatgeneratedit.
Theprobleminvolvesminimising thecostof associatingmarkersto detections,but also
thecostof associatingadetectionin onecamerato adetectionin another. Figure1 shows
anexampleinput to thisstageof thetrackingprocess.

Let / be the numberof camerasand 0 be the �	/213�'
 –dimensionalmatrix repre-
sentingtheassociation.054�687 4:9;7=<=<=7 4�> is 1 if marker ?"@ generateddetection?BA in camera1,
detection?DC in camera2, andsoon. If any of theseconditionsarenot true, 054�687 4:9�7=<=<=7 4E> is
0. We require0 which minimisesF

G4�6�H5A
I 9G4:9JH5A�K�K�K

I >G4E>LH5A 054�687 4:9M7=<=<=7 4E>ON84�687 4:9;7=<=<=7 4�> (1)

wherePRQ is thenumberof detectionsin cameraS and N 4 6 7 4 9 7=<=<=7 4 > is thecostof assuming
thatmarker ? @ generateddetections? A ��������?JT in cameras����������/ respectively.

N�4�687 4E9;7=<=<=7 4�>U,WVX�Y?BAZ�������B? T 
[1 TGQ H5A�\ �Y?]@��B? Q 
 (2)

whereV^�_? A ��������?JT�
 is ameasureof how well detections? A ��������?DT reconstructasinglepoint
in space(thatis, how well they satisfytheepipolarconstraint[3]), and \ �Y�`�B?DQO
 is the a C
distancebetweenthepredictedpositionof marker � (asprojectedontotheimageplaneof
cameraS ) anddetection? in cameraS .

Theminimisationof equation(1) is donesubjectto theconstraintthat 0 marginalised
overany oneof its dimensionsis unity. Thisensuresthateachmarkeris associatedwith at
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mostonedetectionin eachcameraandthatany detectionin a givencamerais associated
with at mostonedetectionin anothercamera.

The problemdescribedhereis the general �	/b1c�'
 –dimensionallinear association
problem.For the2D case(for example,associatingmarkersto thedetectionsin a single
camera,or thedetectionsbetweentwo camerasonly), fastandefficient algorithmsexist
for computingtheoptimumassociation[1, 9]. However, for higherdimensions( /edf) )
theproblemis NP-hard.

Thegeneraldataassociationproblemhasrecentlyreceivedmuchattentionfrom the
radartrackingcommunitywho recommenda techniquecalledLagrangianrelaxationfor
estimatingtheoptimalassociation[2, 11]. Lagrangianrelaxationworksby first relaxing
theuniquenessconstraintalongall but two of thedimensionssothat theproblemcanbe
solved,providing apossiblyinfeasible“dual” solution.Fromthedualsolution,a feasible
“primal” solutioncanbeattainedbyconsideringthetwo dimensionsfor whichtheunique-
nessconstraintholdsasasingledimensionandrepeatingtheprocess.It is notguaranteed
that theprimal solutionis theoptimumassociation,however thedistancebetweenit and
the dualsolutionprovidesa measureof how closeit is to the optimum. Thesolutionis
refinedby weightingtheelementsof N 4 6 7 4 9 7=<=<=7 4 > thatviolate theuniquenessconstraintin
thedualsolutionby someamount(theLagrangianmultipliers)andcalculatingnew dual
andprimalsolutions.

UsingLagrangianrelaxationto estimatethemostlikely marker–to–detected-pointas-
sociationat eachtime � in conjunctionwith the otherelementsof the 3D point tracker
aslisted above, we areableto calculatethe three–dimensionalpositionof eachmarker
at every time framebut the first. For time �g,h� , no predictionfor �����	��
 exists so we
insteadcalculateonly the / -dimensionalassociation,0i4E9;7=<=<=7 4E> , betweenthe detections
on eachcameraimageplane.It is from this associationthatwe reconstruct�����J�j
 . Thus,
it is necessaryfor eachmarker to bevisible by at leasttwo camerasin thefirst frameof
thetestsequence.

Trackingthe markers in this manneris proneto errorsif the markersmove too far
from their predictedpositionsbetweentime framesandif markersareoccludedfrom all
camerasfor too long. It is for this reasonthat we suggesta separatetraining sequence
during which the subject’s motionsareslow andsuchthat every marker is visible to at
leasttwo camerasmostof thetime.

To the knowledgeof the authors,this work provides the first attemptto apply the
Lagrangianrelaxationtechniqueto computervisionandto solvetheproblemof matching
pointsbetweenmorethantwo imagesusinganefficient searchalgorithmover theentire
associationspace.

3 Calculating Lik ely Mark er–to–Limb Associations

Giventhe three-dimensionaltrajectoryof eachmarker, it is thennecessaryto determine
which markersareattachedto which limbs of the subject. Let k be the �ml�a matrix
representingthis marker–to–limbassociation,where a is thenumberof limbs. kn�X7 o is 1
if marker � is attachedto limb p andzerootherwise.We assumethata givenmarker can
lie only on a singlelimb, yet agivenlimb maycontainany numberof markers.

To ensurethesystemis morerobust,it is desiredto calculatenotonly asingleassoci-
ation,but themostlikely q associations,whereq is typically of theorderof 10or 20. The
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q proposedmarker–to–limbassociationsarethenpassedto the algorithmsof section4,
whichestimatenotonly themodelparameters,but alsohow well themodelparametersfit
theobservedmarker trajectories,giveneachassociation.Thetrueassociationis theone
which providesthebestestimateof themodelparameters.

Calculatingthemostlikely valuesof k is performedin two stages.First,markersthat
areattachedto the samelimb areidentified. This is doneby observingwhich markers
remaina fixed distancefrom eachotherover the durationof the training sequence.We
createan �rlg� matrix s , where st��A;7 �uC is the varianceof the awv distancebetween����Au�	��
 and ���uCu�	�+
 overall � . Notethat s is symmetricandtheelementsalongits major
diagonalarezero.Markersaregroupedasbeingattachedto thesamelimb if theelement
of s correspondingto the varianceof the distancebetweenthemis lessthana certain
threshold.In theeventof aninconsistency, for example,if a marker is groupedwith two
othersthat arenot themselvesgroupedtogether, the smallerelementof s haspriority.
Thethresholdis chosensothatexactly a groupsof markersarecreated.

This procedurecreatesa singlesetof groupsof markers,or marker–to–groupassoci-
ation. Differentsuchassociationscanbecreatedby groupingtogethermarkersthatwere
forcedto be in differentgroupspreviously to avoid inconsistencies.In thesecases,the
inconsistency is solved by forcing a differentpair of markersto be in differentgroups.
Let q A bethenumberof marker–to–groupassociationsformed,which is a functionof the
numberof markers,limbs,andinconsistenciesfoundwhenanalysings .

Thesecondstageof calculatingk involvesassociatingthegroupsof markersto aspe-
cific limb of thebody, suchastheforearm,or upperleg. This is doneby first calculating
the awv distancebetweenthe centroidof eachgroupof markers in a given time frame,
usuallythe first, for this is typically whenthe actoris standingin a neutralpose. For a
givengroup–to–limbassociation,it is thenpossibleto calculatethesumof thedistances
betweenthelimbs thatarelinked. For example,the lower armis connectedto theupper
armsothedistancefrom thecentroidof thegroupof markersassignedasthe lower arm
to thecentroidof markersassignedastheupperarmareincludedin this calculation.We
selectthe q C group–to–limbassociationsfor which thesumof thedistancesbetweenthe
limbs is smallest,where q C is typically 4 or 5.

Thesearchspacefor thebest q C group–to–limbassociationsis lessenedby consider-
ing the positionin 3D spaceof the centroidof eachgroup. For example,if it is known
thatthesubjectstandsin thefirst frameof thetrainingsequence,thegroupsof markersin
thelowerhalf of thefield of view neednotbeconsideredaspossiblyattachedto thearms
or upperbody.

This secondstageof associatingmarkers to limbs is performedon eachof the q�A
marker–to–groupassociationsformedin thefirst stage.Giventhatwe form qXC group–to–
limb associationsfor each,we provide, asexpected,q�,xq�A;qXC possiblevaluesof k for
input to thealgorithmsof thenext section.

FromaBayesianperspective,weseekthemaximumof theposteriordensityfunction,y �Yz{��|���};��kR~ �^
`, y �Yz{��|���}�~ k����^
 y �	kR~ ��
 (3)

where z , | and } arethe desiredmodelparameters.The techniquesof this sectionide-
ally estimatethe valuesof k which provide the q maximumvaluesof the secondterm,y �	kR~ ��
 . Althoughit is not guaranteedthat themostlikely associationwill maximisethe
entireposterior, is it expectedthat oneof the best q will. It is for this reasonthat we
calculatemultipleassociations.
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Figure 2: The motion of two limbs connectedby a single ball joint. | is the marker
positionsrelative to thejoint, � is theobservedpositionof themarkers, z is therotation
of thelimbsand } is thepositionof thejoint.

Thefollowingsectiondescribeshow to estimatez , | and} sothatthefirst of theabove
terms,

y �Yz{��|���}�~ k�����
 , is maximised.This is donefor eachmarker–to–limbassociation,
providing q pointson thesurfaceof theposterior, oneof which is its maximum.

4 Calculating the Mark er Offset Vectors

Giventhethree-dimensionalpositionof eachmarkerovertimeandaknowledgeof which
limb eachmarker is attachedto, it is possibleto calculatetheunderlyingaxesof rotations,
the three-dimensionalpositionsof the joints aroundwhich the rotationsoccur and the
position of the markerswith respectto thesejoints [4, 10,13,14]. We adopta similar
approachto thatof [4], asthesolutionsareclosed-formandthusquick to calculate.

We initially considereachjoint andthepair of limbs rotatingaboutit independently.
Thegeneralmotionof this joint andtwo limbs is describedby

z�oJ�"��
J|��o 1g}DoB�"��
�,��Z�o �	��
 (4)

where |�� o is the position of marker � on limb p with respectto the joint, }DoB�	�+
 is the
trajectoryof thejoint, z o �	�+
 betherotationwhichdefinestheorientationof limb p at time� during the trainingsequence,and �Z�o �	��
 is the three-dimensionalpositionof marker �
on limb p at time � . �Z�o �	�+
 is � � �"��
 where � is a functionof k . Figure2 illustratesthis
motionof thejoint andtwo limbs.

We first solve for z o �	��
 by subtractingdifferentinstancesof equation(4) (for differ-
ent � and � ) andeliminating } and | . Next, we solve for |�� o by eliminatingonly } and
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combiningequationsof different p , andfinally } is determinedby substitutingthe esti-
matesfor z and | backinto equation(4). In eachcase,theresultingequationsarelinear
andcontainexcess,but noisyinformation,socanbesolveddirectly usinga leastsquares
method.Whenestimatingtherotationmatrices,z o �	��
 , themethodof [7] is used.

The readeris referredto [4] for moredetailedinformationon estimating| , z and }
from � and k in this manner.

Theaboveprocedureis performedfor eachof the q marker–to–limbassociationscal-
culatedin section3. The likelihood of | , z and } is a function of the reconstruction
error, � , GZ��G o G � ~ z�oJ�"��
J|��o 1g}DoB�"��
�$��Z�o �	��
�~

C (5)

We selectthemarker–to–limbassociation,k , andits correspondingmodelparameters,| ,z and } for which thereconstructionerroris smallest.
Whenconstructinga tracker for generalmotion captureof the subject,we areinter-

estedin | , the marker positionsrelative to the joints, andthe lengthof eachlimb. The
limb lengthsarecalculatedby averagingthe a-v distancebetweenthetrajectoriesof each
joint, } o �	��
 .
5 Results

Thesystemproposedin theprevioussectionswasimplementedandtestedonanumberof
realdataexamples.In eachcase,a simpletrainingsequencewasperformedwhich con-
sistedof moving the limbs of interest(primarily arms)slowly andensuringthat rotation
occurredat eachjoint.

In eachcase,the Lagrangianrelaxationtechniqueof section2 alwaysconvergedon
the correctmarker–to–detected-pointassociationand the 3D point tracker successfully
generatedtrajectoriesof the markers, � � �"��
 . Also for eachcase,the algorithmsof sec-
tion 3 determinedthecorrectmarker–to–limbassociation.

Figure3 shows the resultof calculatingthe marker positionsrelative to the joint, | ,
and the joint position, } , for the two limb case. Figure4 shows the resultof applying
theproposedtechniqueto a morecomplex skeletalmodel. In this case,two armsand15
markerswerebeingtrackedandusedto calculatetherequiredmodelparameters(theaxis
betweentheshoulderswasconsideredasa limb).

As canbe seenfrom thesetwo figures,the resultingestimatesof the marker, joint
andlimb positionsfit the observedmarker positionswell, andthe estimatedunderlying
skeletonappearsto follow themotionof thesubject.

Eachtraining sequencewas 20 secondsand 500 frameslong, and calculatingthe
modelparameterstook about5 secondson a1 GHz pentiumPC.

6 Conclusions

From the initial testsperformedso far, it appearsthat the proposedprocedurefor esti-
matingthe modelparametersworks very well. The systemcalculateswhich limb each
marker is attachedto, thelocationof themarkersrelative to theunderlyingskeleton,and
thelengthsof eachlimb. It is fully automaticandrunsvery fast.
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Figure 3: Calculatingthe marker offset positions, | (the circles and lines) and centre
of rotation, }8�	��
 (doublecircle) for two limbs. Crossesrepresentthe observed marker
positions,���	��
 .
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Figure 4: The calculatedunderlyingskeletonfor a seven limb model, shown at three
differenttimeframesduringthetrainingsequence.Thegraylinesrepresenttheestimated
limbs, thecirclesandlinesrepresentthemarker offsetvectors,andthecrossesrepresent
theobservedmarkerpositions,���"��
 .
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