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Abstract

Model-basedoptical motion capturesystemsrequireknowledgeof the position of

the markersrelative to the underlyingskeleton,the lengthsof the skeleton’s limbs, and

which limb eachmarker is attachedto. Thesemodelparametersaretypically assumed

andenteredinto thesystemmanually, althoughtechniquesexist for calculatingsomeof

them,suchasthepositionof themarkersrelative to theskeleton’s joints.

We presenta fully automaticprocedurefor determiningthesemodelparameters.It

tracksthe2Dpositionsof themarkersonthecameras’imageplanesanddetermineswhich

markerslie on eachlimb beforecalculatingthepositionof theunderlyingskeleton.The

only assumptionis thattheskeletonconsistsof rigid limbsconnectedwith ball joints.

Theproposedsystemis demonstratedonanumberof realdataexamplesandis shown

to calculategoodestimatesof themodelparametersin each.

1 Intr oduction

Moderntechniquesfor opticalmotioncaptureinvolve simultaneouslyestimatingtheposeof

the underlyingskeletonof the subjectwhile trackingthe movementof the markerson the

cameras’imageplanes[15, 7, 9]. Knowledgeof how theskeletonmovesconstrainshow the
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markersmove andallows captureof morecomplex motionthanis possiblewith model-less

marker tracking.

Trackingsystemsbasedon skeletalmodels,however, requireknowledgeof the locationof

themarkersrelative to theskeleton,particularlyto thejoints,aswell asthelengthsof eachof

thelimbs. This informationchangeswith eachsubjectasnew markersareattachedandasthe

sizeof thesubjectvaries.Thelocationof the joints relative to themarkersareof particular

interestto doctors,physiotherapistsandsportsmotionanalystswho desireit to analysethe

precisemovementsof patientsor athletes.Suchinformationcouldbeused,for example,to

aid the constructionof artificial hips or kneejoints for a particularpatientTypically, these

modelparametersareassumedknown andenteredinto thetrackingsystemmanually[11].

This paperpresentsa techniquefor calculatingthesemodelparameters— which limb each

marker is attachedto, the locationof the markers relative to the underlyingskeleton,and

the lengthsof eachlimb — given the 2D co-ordinatesof the bright pointsdetectedat each

camera’s imageplane.Theprocedureis fully automatic.

Recently, techniqueshave beenproposedto calculatemuchof this information,particularly

thelocationof thejoints [17, 18, 5, 13, 3], however all of theserequirethethree-dimensional

trajectoryof eachmarker andknowledgeof which limb eachmarker is attachedto. And in

ordertocalculatethethree-dimensionaltrajectoryof eachmarker, it is necessaryto tracktheir

movementat the cameraimageplane,which is difficult without a modelof the underlying

skeleton.

For this reason,we proposethat the subjectperforma shorttrainingsequenceprior to per-

formingthemotionthatis to becaptured.Themovementduringthetrainingsequenceshould

be slower thanfor typical motion captureandefforts shouldbe madeso that every marker

canbeobservedby at leasttwo camerasfor mostof thesequence.Motionsof thisnaturecan

betrackedwithoutamodel,andtheresultingtrackcanbeusedto calculatethemodelparam-

eters,whichin turnareusedto trackmorecomplex motion.Eachlimb shouldalsoberotated

aboutits jointsduringthetrainingsequence,sothatthejoint locationscanbeidentifiedin the

subsequentprocessing.

Thesuggestionof atrainingsequenceto calculatemodelparameterscanalsobefoundin [9],
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however their methodsarenot automaticandusea non-optimaliterative techniquefor cal-

culatingthe joint locations.They alsoassumeknowledgeof which markersareattachedto

eachlimb of thesubject.

Ourprocedurefor calculatingthemodelparametersfrom thetrainingsequenceis:

1. Calculatethethree-dimensionalpositionof eachmarkerduringthetrainingsequence

2. Calculatewhichmarkersareattachedto eachlimb

3. Calculatethesizeandpositionof theunderlyingskeletonandthelocationof themark-

ersrelative to it

Sections2, 3 and4 describethesethreestepsin moredetail.Section5 thendetailstheresults

of thesystemwhenappliedto anumberof realdataexamples.

2 Generating3D marker positions

Thefirst stagein estimatingthemodelparametersis calculatingthethree-dimensionaltrajec-

tory of eachmarker during the training sequence.Let the 3D positionof eachmarker � at

time � be �����	��
 , where ������������������ and ������������������� . � is thenumberof markersand� is thenumberof frames.Theinput to thisstageis the2D co-ordinatesof thebrightpoints

detectedoneachcamera’s imageplane.

The difficulty in calculating � is that the associationbetweenmarkersanddetectedpoints

is unknown, that is, no informationis givenasto which marker producedeachbright point

detection.Theproblemis madeworseby thefactthatmarkersareoftenoccludedin certain

posesof thesubjectandthateachcameradetectsonly anunknown subsetof themarkers.

Estimatingthe3D markerpositions,�����	��
 , ateachframeusingaglobaloptimisationor batch

techniqueis computationallyinfeasible.Instead,weproposeastandardsequentialestimation

(tracking)procedure[2] to performthis task.Theprocedurecanbebrokeninto threestages,

eachwhicharerepeatedfor eachtime frame:

1. Predictthepositionof eachmarkerat time � ,  ���!�	��
 , by projectingforwardthecurrent
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Camera 3Camera 2Camera 1

Figure1: Exampleinput to the3D point tracker. Thepredictedpositionsof themarkerson

thecameraimageplanesareshown by thecrosses,while thecirclesmarkthedetections.The

associationsteprequiresmatchingcirclesto crossesin eachcamera,andmatchingcircles

betweencameras.Notethateachcameramaynotdetectall markers.

estimateof themarker’s trajectoryasgivenby � � �	�#"��$
 , � � �%�#"'&(
 , etc.Eitherlinear

or cubicinterpolationwasusedfor this.

2. Calculatethemostlikely marker–to–detectionassociationat time � using  �����	��
 .
3. Calculatethe three-dimensionalmarker position, �)�!�%��
 . If the associationof step2

determinedthattwo or morecamerasdetectedmarker � , ���!�	��
 is foundwith standard

triangulation[10]. If only onecameradetectedmarker � , �)���%��
 is a compromisebe-

tweenits predictedposition,  � � �%��
 , andthe3D ray projectedthroughthedetectionon

thecamera’s imageplanefrom thecamera’s origin. If no camerasdetectedmarker � ,�����	��
+*, ���!�	��
 .
As mentionedearlier, themostproblematicof thesethreestepsis thesecond.At eachtime � ,
we desireto labeleachdetectionin eachcamerawith themarker thatgeneratedit. Thefirst

stageof this processis to projectontoeachcameras’imageplanethepredictedpositionof

eachmarker,  �����	��
 . Theproblemis thenoneof matchingtheprojected2D markerpositions

to the detectionsin eachcamera,and of matchingdetectionsbetweencameras.Figure 1

shows anexampleinput to thisstageof thetrackingprocess.

Let - be the numberof camerasand . be the �	-0/1�2
 –dimensionalmatrix representing

the associationwe areattemptingdetermine. .!35476 398�6 :;: 6 3=< is 1 if marker >%? generateddetec-

tion >�@ in camera1, detection>BA in camera2, andso on. If any of theseconditionsarenot
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true, .!35476 398�6 : :;6 3=< is 0. The discretespaceof possibleassociationsis constrainedby the fact

that eachmarker canbeassociatedwith at mostonedetectionin eachcameraandthat any

detectionin a given cameracanbeassociatedwith at mostonedetectionin another. Thus,

summingall elementsontoany onedimensionof . is atmostunity (for example,for any >�@ ,C 3 4 C 3EDGF�F�F C 3 < .�3E476 398�6 :;: 6 3=<1HI� ).
Let J735476 398�6 : :;6 3=< bethecostof assumingthatmarker >	? generateddetections>�@2��������>%K in cam-

eras����������- respectively. Thecostof assumingaparticularassociation,. , is givenby,LM354ONP@
Q 8M3=8RNP@ F�F�F

Q <M3=<SNP@ .!35476 398�6;: : 6 3=<TJ7354U6 398�6 : :;6 3=< (1)

where VTW is thenumberof detectionsin cameraX . In this equation,thenon-zeroelements

of . selectwhich elementsof thecostmatrix, J , to includein thesummation.We require .
suchthatequation(1) is minimised.That is, we needto selectelementsof J sothatat most

oneelementis takenfrom eachof its dimensionsandsothattheresultingsumis minimum.

Thecostmatrix, J , is givenby

J7354U6 398�6 :;: 6 3=<Y*[Z\�9>�@���������>%K]
^/�_ KMWSNP@�` �=>	?(��>	Wa
 (2)

where Z\�=> @ ��������> K 
 is a measureof how well detections> @ ��������> K reconstructa singlepoint

in space(that is, how well they satisfythe epipolarconstraint[4]), and ` �9�P��>	W#
 is the bcA
distancebetweenthe predictedpositionof marker � (asprojectedonto the imageplaneof

cameraX ) anddetection> in cameraX .

The constant_ in equation(2) definesthe relative importancebetweenmatchingpredicted

marker positionsto detectionsand matchingdetectionsbetweencameras. It is the ratio

betweenthe accuracy of the detections(the measurementnoise)andthe confidencein the

predictedmarkerpositions(theprocessnoise).

Theproblemof searchingtheconstrainedspaceof possible. for thevaluewhichminimises

equation(1) is oftenreferredto asthe �	-d/e�$
 –dimensionallinearassignmentproblem[2].

For the2D case(for example,associatingmarkersto thedetectionsin asinglecamera,or the

detectionsbetweentwo camerasonly), theproblemcanbeconsideredasselectingelements

of the2D matrix J sothattheirsumis aminimumandsothatatmostoneelementis selected
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from eachrow and eachcolumn. For the 2D case,fast and efficient algorithmsexist for

computingthe optimumassociation[1, 12]. However, for higherdimensions( -gfh& ) the

problemcanbeshown to beNP-hard.

The generallinear dataassignmentproblemhasrecentlyreceived muchattentionfrom the

radartrackingcommunitywho recommenda techniquecalledLagrangianrelaxationfor es-

timating the optimal association[2, 14]. Lagrangianrelaxationworks by first relaxingthe

uniquenessconstraintalongall but two of thedimensionssothattheproblemcanbesolved,

providing a possiblyinfeasible“dual” solution. Thedualsolutionis possiblyinfeasiblebe-

causeit is only guaranteedto sumto at mostunity alongthetwo dimensionschosenfor the

problem.

Fromthedualsolution,a feasible“primal” solutioncanbeattainedby consideringthe two

dimensionsfor whichtheuniquenessconstraintholdsasasingledimensionandrepeatingthe

process.It is notguaranteedthattheprimalsolutionis theoptimumassociation,however the

distancebetweenits total costandthe total costof thedual solutionprovidesa measureof

how closeit is to theoptimum.Thesolutionis refinedbyweightingtheelementsof J735476 398�6 :;: 6 3=<
thatviolate theuniquenessconstraintin thedual solutionby someamount(theLagrangian

multipliers)andcalculatingnew dualandprimalsolutions.

If thedualsolutionis ever feasible,it is theoptimalsolution,however Lagrangianrelaxation

is not guaranteedto converge to it. Typically, if the optimal solutionhasnot beenreached

aftersomeperiodof time,theprocessis stoppedandthebestprimalsolution(thatwhichwas

closestto its correspondingdualsolution)is retained.

For furtherinformationonLagrangianrelaxation,thereaderis referredto [2, 14].

Usingthis techniqueto estimatethemostlikely marker–to–detectionassociationateachtime� in conjunctionwith theotherelementsof the3D pointtrackeraslistedabove,weareableto

calculatethethree-dimensionalpositionof eachmarker atevery time framebut thefirst. For

time �i*j� , no predictionfor ���!�	��
 existssowe insteadcalculateonly the - -dimensional

association,.!398R6;: : 6 3=< , betweenthe detectionson eachcameraimageplane. It is from this

associationthatwe reconstruct���!���2
 . Thus,it is necessaryfor eachmarker to bevisible by

at leasttwo camerasin thefirst frameof thetestsequence.
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Trackingthemarkersin thismanneris proneto errorsif themarkersmove too far from their

predictedpositionsbetweentime framesandif markersareoccludedfrom all camerasfor

too long. It is for this reasonthatwe suggesta separatetrainingsequenceduringwhich the

subject’s motionsareslow andsuchthatevery marker is visible to at leasttwo camerasmost

of thetime.

To theknowledgeof theauthors,thiswork providesthefirst attemptto applytheLagrangian

relaxationtechniqueto computervisionandto solve theproblemof matchingpointsbetween

morethantwo imagesusinganefficientsearchalgorithmover theentireassociationspace.

3 Calculating Lik ely Mark er–to–Limb Associations

Giventhethree-dimensionaltrajectoryof eachmarker, it is thennecessarytodeterminewhich

markersareattachedto which limbs of thesubject.Let k bethe �mlib matrix representing

this marker–to–limb association,where b is the numberof limbs. k ��6 n is 1 if marker � is

attachedto limb o andzerootherwise(limb o identifiesaspecificlimb on thesubject,suchas

theforearm,or upperleg). We assumethata givenmarker canlie only on a singlelimb, yet

a givenlimb maycontainany numberof markers,thus,any row of k maycontainonly one

non-zeroentry.

Thequalityof choiceof k is givenby thealgorithmsof section4,whichestimatenotonly the

modelparameters,butalsohow well themodelparametersfit theobservedmarkertrajectories

giveneachassociation.

Theproblemof estimatingthebestvalueof k is, in somesense,similar to thatof estimating. during the trackingprocessof theprevioussection— we desireto minimisea costfunc-

tion over a matrix variablewhoseelementsare � 0,1� andwhoseform is very constrained.

Unfortunately, the form of the constraintsof k (the fact that a singlecolumnmay contain

any numberof non-zeroentries)andthefactthatthecostfunctionis non-linearmeanthatthe

Lagrangianrelaxationtechniquedescribedin theprevioussectioncannotbeusedto estimatek .

We propose,instead,to generatep valuesof k , which arecalculatedusingsomeknowledge
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Figure2: Assigningmarkersto limbs is a two stepprocess.Fromthe3D marker positions

(left image),markersattachedto thesamelimb areidentified(centreimage).Next, groupsof

markerssharinghave acommonjoint aredetermined(right image).

of how markers attachedto the samelimb areexpectedto move. That is, we samplethe

constrainedspaceof possiblek aboutapoint thatweexpectto beagoodestimateof thebest

marker–to–limbassociation.The p proposedmarker–to–limbassociationsarethenpassedto

thealgorithmsof section4 andthetrueassociationis determinedastheonewhich provides

thebestestimateof themodelparameters.

FromaBayesianperspective,weseekthemaximumof theposteriordensityfunction,

q �9rs��t(��u7��k#v �\
w* q �9rx��t��Ru2v ky���\
 q �9k#v �\
 (3)

where r , t and u arethe desiredmodelparameters.The techniquesof this sectionideally

estimatethevaluesof k which provide the p maximumvaluesof thesecondterm,
q �9k#v �\
 ,

while the techniquesof the following sectionmaximisethe first term,
q �=rs��t��Ru2v ky���\
 . Al-

thoughit is notguaranteedthatthemostlikely associationwill maximisetheentireposterior,

is it expectedthatoneof thebestp will.

Calculatingthe p mostlikely valuesof k is performedin two stages,asillustratedin figure2.

First, markersthat areattachedto the samelimb areidentified. This is doneby observing

which markers remaina fixed distancefrom eachother over the durationof the training

sequence.We createan �zl�� matrix { , where {x��@�6 ��A is thevarianceof the bc| distance

between� �}@ �%�\
 and � ��A �%��
 over all � . Notethat { is symmetricandtheelementsalongits

majordiagonalarezero.Ourprocedurefor groupingmarkersonthesamelimb thenprocedes
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asfollows:

1. Determinetheminimumelementof { . Let theindicesof thiselementbe �w� and �^& .
2. If neither�w� nor �^& have beenassignedto a limb, assumea new limb existsandasso-

ciatethesetwo markerswith it.

3. If either�G� or �^& hasbeenassignedto alimb but nottheother, associatetheunassigned

marker to thelimb associatedwith theothermarker.

4. If bothmarkers �G� and�^& arealreadyassignedto limbs,aninconsistency hasoccurred.

In thiscase,makenomarker–to–limbassociationsbut takenoteof thismarkerpair.

5. Setelement{ �}@R6 ��A to a numbersufficiently large that it will not beselectedagain in

step1.

6. Returnto step1 andrepeatuntil all elementsof { have beenassessed.

This procedurecreatesa singlesetof groupsof markers,or marker–to–groupassociation.

To generatefurtherpossibleassociations,we forcethemarker pairsthatwereconsideredas

an inconsistency (in step4) to beon thesamelimb. Let p @ be the total numberof marker–

to–groupassociationsformed, which is a function of the numberof markers, limbs, and

inconsistenciesfoundwhenanalysing{ .

The secondstageof calculating k involvesassociatingthe groupsof markersto a specific

limb of thebody, suchastheforearm,or upperleg. This is doneby observingwhich groups

of markersremaincloseto eachotheroverthedurationof thetrainingsequence.Weconstruct

a b~l�b matrix {�� where {��nE@�6 n�A is themeanbc| distancebetweenthecentroid(mean)of the

groupsof markers oB� and o�& overall � . Like { , {�� is alsosymmetricandcontainzerosalong

its major diagonal. We iteratively selectthe smallestelementfrom {�� andmatchpairsof

marker groupsin exactly the samemanneraswasperformedon { . The selectedpairsof

markergroupsaredeemedto have acommonjoint.

Thesearchspacefor thebestgroup–to–limbassociationsis lessenedby consideringthepo-

sition in 3D spaceof thecentroidof eachgroupin agivenframe.For example,if it is known

thatthesubjectstandsin aneutralposein thefirst frameof thetrainingsequence,thegroups
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of markersin thelowerhalf of thefield of view neednotbeconsideredaspossiblyattachedto

thearmsor upperbody. Elementsof {�� correspondingto pairsof markergroupsthatareless

likely to beattachedfor this reasonareincreasedbeforethesearchfor associationsbegins.

Onceagain, inconsistenciesthatoccurwhenanalysing{�� meanthat p�A possibleassociation

of groups–to–limbsaregenerated.This secondstageof associatingmarkersto limbs is per-

formedoneachof the p�@ marker–to–groupassociationsformedin thefirst stage,resultinginp�*[p @ p A possiblevaluesof k for input to thealgorithmsof thefollowing section.

4 Calculating the Mark er Offset Vectors

Given the three-dimensionalpositionof eachmarker over time anda knowledgeof which

limb eachmarker is attachedto, it is possibleto calculatethe underlyingaxesof rotations,

thethree-dimensionalpositionsof thejointsaroundwhichtherotationsoccurandtheposition

of themarkerswith respectto thesejoints [5, 18,13,17, 3]. We adopta similar approachto

thatof [5], asthesolutionsareclosed-formandthusquick to calculate.Also, asis shown in

thefollowing section,their techniquesusuallyprovide a moreaccurateestimateof the joint

centres.

We initially considereachjoint andthe pair of limbs rotatingaboutit independently. The

generalmotionof this joint andtwo limbs is describedby

rTnB�	��
RtU� n /�uRnB�	��
w*[���n �%��
 (4)

where tU� n is thepositionof marker � on limb o with respectto thejoint, uRnB�	��
 is thetrajectory

of thejoint, r n �%�\
 betherotationwhichdefinestheorientationof limb o at time � duringthe

trainingsequence,and �)�n �%��
 is thethree-dimensionalpositionof marker � on limb o at time� . � �n �%��
 is �)�!�%��
 where � is a functionof k ( � is therow index containingthe � th non-zero

elementin column o ). Figure3 illustratesthismotionof thejoint andtwo limbs.

We first solve for r n �%��
 by subtractingdifferent instancesof equation(4) (for different �
and � ) andeliminating u and t . Next, we solve for tU� n by eliminatingonly u andcombining

equationsof different o , andfinally u is determinedby substitutingtheestimatesfor r and t
backinto equation(4). In eachcase,theresultingequationsarelinearandcontainexcess,but
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Figure3: Themotionof two limbsconnectedby asingleball joint. t is themarkerpositions

relative to the joint, � is theobservedpositionof themarkers, r is therotationof the limbs

and u is thepositionof thejoint.

noisy information,socanbesolveddirectly usinga leastsquaresmethod.Whenestimating

therotationmatrices,rTn%�%��
 , themethodof [10] is used.

Thereaderis referredto [5] for moredetailedinformationon estimatingt , r and u from �
and k in thismanner.

Theabove procedureis performedfor eachof the p marker–to–limbassociationscalculated

in section3. Thelikelihoodof t , r and u is a functionof thereconstructionerror,

� * M���M n M � v rTn%�%��
RtU� n /�uRnB�	��
P"'���n �	��
2v A � (5)

We selectthemarker–to–limbassociation,k , andits correspondingmodelparameters,t , r
and u for which thereconstructionerroris smallest.

Whenconstructinga tracker for generalmotioncaptureof thesubject,weareinterestedin t ,
themarker positionsrelative to thejoints,andthelengthof eachlimb. Thelimb lengthsare

calculatedby averagingthe bc| distancebetweenthetrajectoriesof eachjoint, uRnB�	��
 .
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Figure4: Resultof estimatingwhich markersareattachedto eachlimb (middleimage)and

themodelparameterst (thecirclesandlines)and uU�%��
 (doublecircle), for a two limb case.

Crossesrepresenttheobservedmarkerpositions,���%��
 .
5 Results

The systemproposedin the previous sectionswasimplementedandtestedon a numberof

realdataexamples.In eachcase,a simpletrainingsequencewasperformedwhichconsisted

of moving thelimbsof interestslowly andensuringthatrotationoccurredateachjoint.

In the first test,six markerswereattachedto two limbs of the subject’s arm. For this se-

quence,the Lagrangianrelaxationtechniqueof section2 alwaysconvergedon the correct

marker–to–detectionassociationandthe3D point tracker successfullygeneratedtrajectories

of themarkers, � � �	��
 . Thealgorithmsof section3 determinednoinconsistenciesor doubtful

marker–to–limb assignmentswhenanalysingthe { and {�� matrices,andprovided only a

single,correct,marker–to–limbassociation,which is shown in figure4. Figure4 shows the

resultof calculatingthemarker positionsrelative to thejoint, t , andthejoint position, u , for

this testcase.

Thesecondtestcaseinvolvedtrackingtwo arms,wearing15markersandmodelledasseven

limbs(theaxisbetweentheshoulderswasconsideredasa limb). Onceagain,theLagrangian

relaxationtechniqueprovidedthecorrectmarker–to–detectionassociationandthe3D trajec-

toriesof themarkers. The algorithmsof section3 wereagain certainaboutwhich markers

wereattachedto thesamelimbs,althoughprovided p\A�*�� differentgroup–to–limbsugges-
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tionsfor themodelparameterestimation.

Figure5 shows the resultof the final stageof the modelparameterestimation. As canbe

seen,the locationof the underlyingskeletonandthe positionof the markersrelative to it,

appearsto follow themotionof thesubjectwell.

Eachtrainingsequencewas20 secondsand500frameslong,andcalculatingthemodelpa-

rameterstookabout5 secondsona1 GHzpentiumPC.

The third testcasefor proposedalgorithmswasprovided from the outputof a commercial

motioncapturesystem.In thiscase,the3D trajectoriesof themarkerswereprovided,sothe

first stageof parameterestimationprocesswasnot required. Also in this case,the subject

woremarkerson his right thigh andpelvisand,afterperformingthe trainingsequenceand

while still wearingthemarkers,wassubjectedto a ComputedTomography (CT) scanfrom

which theexactlocationof thehip joint centrerelative to themarkerswasdetermined.

The3D trajectoryof thehip centrewascalculatedusingtheproceduredescribedin section4,

whichcomesfrom Gamageetal [5]. Thehip centretrajectorywasalsocalculatedusingtech-

niquesdescribedby Davis etal [3] andby Gander[6]. Davisassumesaspecificskeletalshape

andgeometry, while Ganderdescribesa generalsphere–fittingtechnique.Both techniques

areoftenusedby commercialmotioncapturecompanies.

Figure6 shows the3D trajectoryof thejoint asgivenby thesethreealgorithmscomparedto

the true trajectoryasgiven by the CT scan. The meansquarederror betweenthe CT scan

pathandthethreealgorithmsare:

Gamageetal �7�}� ��� mm

Davis etal &(���E�U� mm

Ganderetal &)�}���)� mm

As canbeseen,ourprocedurebestfollows thepathof thejoint centre.
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Figure5: Thecalculatedunderlyingskeletonfor asevenlimb model,shown at threedifferent

time framesduringthe trainingsequence.Thegray linesrepresenttheestimatedlimbs, the

circlesandlinesrepresentthemarker offsetvectors,andthecrossesrepresenttheobserved

markerpositions,���%��
 .
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Figure6: Three–dimensionallocationof hip joint centreasgivenby theCT scanandby three

estimationtechniques,for thethird testcase.

6 Discussionsand Conclusions

Fromtheinitial testsperformedsofar, it appearsthattheproposedprocedurefor estimating

the modelparametersworks very well. The systemcalculateswhich limb eachmarker is

attachedto, thelocationof themarkersrelative to theunderlyingskeleton,andthelengthsof

eachlimb. It is fully automaticandrequireslittle time to execute.

Of thethreestagesof theprocess,it is thefirst thatappearsmostproneto failure.If thevalue

of . estimatedat any time � doesnot reflect the true associationbetweendetectionsand

markersat thattime,theability to trackthe3D trajectoriesof themarkersis lost. Thisoccurs
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when markers are occludedfor long periodsof time and the predictedpositionsof these

markers,  �����	��
 , areincorrect.Whenthepredictedpositionsof themarkersareincorrect,so

aretheelementsof thecostmatrix, J , andthevalueof . thatminimisesequation(1) maynot

bethetruemarker–to–detecitonassociation.

One methodto perhapsovercometheseproblemsis to implementa multiple hypothesis

tracker [2, 16]. In this system,a modificationto the Lagrangianrelaxationmethodwould

be usedto return not the sole best,but the best � estimatesof . which minimise equa-

tion (1). Propogating eachof theseestimatesthroughthe point tracker createsa trellis of

possibleassociationsandmarker trajectories,whichneedsto beprunedto stopfrom growing

exponentially. Thecostof a particularpaththroughthis trellis couldbegivenby thesumof

theassociationcostsateachof thenodesin thepath(equation(1)).

In thismanner, it is notnecessarythatthetrueassociationbetheonewhichprovidesthebest

costat time � , solongasit is oneof thebest� , thusallowing for moreerrorin thepredicted

markerpositions,  � � �%�\
 .
Similar to the problemof associatingmarkers to detectionsis the problemof associating

markers to limbs. As mentionedin section3, the form of k meansthat fastandeffecient

techniquessuchasLagrangianrelaxationcannotbeused.Theproposedtechniqueof testingp estimatesof k foundby heuristicmethodshasbeenfoundto work well, althoughanumber

of otheralgorithmshavebeenconsideredandtested.

An alternativeapproachfor optimisingoverawkwardspacesthatis currentlyproving popular

in the scientific literatureare Markov Chain Monte Carlo (MCMC) methodssuchas the

Metropolis–Hastingsalgorithm[8, 19]. Thesetechniqueswork by proposinga new sample

estimatefrom a previous one, then acceptingor rejecting it dependingon its cost. This

processis repeated,allowing thesampleto move aboutthespaceof possiblesolutions,and

after sometime the samplewith the bestcost is selected.In the caseof selectingthe best

marker–to–limbassociation,a new sampleis createdby eithermoving a marker to another

limb or by switching the limbs assignedto two groupsof markers (operationswhich are

performedby eithermoving a non-zeroelementof k to anothercolumnor by interchanging

two of its columns).
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It wasfoundthatMCMC techniquesdid not provide goodestimatesof themarker–to–limb

associationvariable,k . Onepossiblereasonfor thiswasthatthecostfunctionis multi-modal

andin orderto sufficiently searchthe spaceof possibleassociations,thesetechniquesneed

to run for animpracticallengthof time. Whereastheproposalfunctionprovidesamethodof

moving randomlyaboutthesearchspace,themethodsproposedin section3 useinformation

suchashow therelativedistancebetweenmarkerschangedovertimein ordertomovedirectly

to likely associations.
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