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Abstract

Model-basedptical motion capturesystemsrequire knowledge of the position of
the marlersrelative to the underlyingskeleton,the lengthsof the skeletons limbs, and
which limb eachmarler is attachedo. Thesemodelparametersiretypically assumed
andenterednto the systemmanually althoughtechniquesxist for calculatingsomeof
them,suchasthe positionof the marlkersrelative to the skeletonsjoints.

We presenta fully automaticproceduregfor determiningthesemodelparameterslt
tracksthe2D positionsof themarkersonthecamerasimageplanesanddeterminesvhich
marlkerslie on eachlimb beforecalculatingthe positionof the underlyingskeleton. The
only assumptioris thatthe skeletonconsistsof rigid limbs connectedvith ball joints.

Theproposedaystenis demonstratedn anumberof realdataexamplesandis shavn

to calculategoodestimate®f the modelparameter each.

1 Intr oduction

Moderntechniquedor opticalmotion captureinvolve simultaneouslestimatinghe poseof
the underlyingskeletonof the subjectwhile trackingthe movementof the markerson the

camerasimageplaned15, 7, 9]. Knowledgeof how the skeletonmovesconstraindow the



markersmove andallows captureof morecomplex motionthanis possiblewith model-less

markertracking.

Tracking systemsasedon skeletalmodels,howvever, requireknowledgeof the location of
themarkersrelative to the skeleton particularlyto thejoints, aswell asthelengthsof eachof
thelimbs. Thisinformationchangesvith eachsubjectasnenv markersareattachedcindasthe
sizeof the subjectvaries. The locationof the joints relative to the markersareof particular
interestto doctors,physiotherapist@and sportsmotion analystswvho desireit to analysethe
precisemavementsof patientsor athletes.Suchinformationcould be used,for example,to
aid the constructionof artificial hips or kneejoints for a particularpatientTypically, these

modelparameterareassumednownn andenterednto thetrackingsystemmanually[11].

This paperpresentsa techniquefor calculatingthesemodelparameters— which limb each
marler is attachedo, the location of the markersrelative to the underlyingskeleton,and
the lengthsof eachlimb — giventhe 2D co-ordinatef the bright pointsdetectedat each

camerasimageplane.Theproceduras fully automatic.

Recently techniquesave beenproposedo calculatemuchof this information, particularly
thelocationof thejoints[17, 18, 5, 13, 3], however all of theserequirethethree-dimensional
trajectoryof eachmarker andknowledgeof which limb eachmarlker is attachedo. And in
orderto calculatehethree-dimensiondtajectoryof eachmarler, it is necessarjo tracktheir
movementat the cameraimageplane,which is difficult without a modelof the underlying

skeleton.

For this reasonwe proposethatthe subjectperforma shorttraining sequencerior to per

formingthemotionthatis to becaptured Themovementduringthetrainingsequencshould
be slower thanfor typical motion captureand efforts shouldbe madeso that every marker
canbeobseredby atleasttwo camerador mostof thesequenceMotionsof this naturecan
betrackedwithouta model,andtheresultingtrackcanbe usedto calculatethe modelparam-
eterswhichin turnareusedto trackmorecomplex motion. Eachlimb shouldalsoberotated
aboutits joints duringthetrainingsequencesothatthejoint locationscanbeidentifiedin the

subsequentrocessing.

Thesuggestiomf atrainingsequenc#o calculatemodelparametersanalsobefoundin [9],



however their methodsare not automaticand usea non-optimaliterative techniquefor cal-
culatingthe joint locations. They alsoassumeknowledgeof which markersareattachedo

eachlimb of the subject.

Our procedurdor calculatingthe modelparameterfrom thetrainingsequencés:

1. Calculatehethree-dimensionalositionof eachmarker duringthetrainingsequence
2. Calculatewhich markersareattachedo eachlimb

3. Calculatehesizeandpositionof theunderlyingskeletonandthelocationof themark-

ersrelativeto it

Section®, 3 and4 describehesethreestepsn moredetail. Sections thendetailstheresults

of the systemwhenappliedto a numberof realdataexamples.

2 Generating 3D marker positions

Thefirst stagan estimatinghemodelparameterss calculatingthethree-dimensiondtajec-
tory of eachmarker during the training sequencel et the 3D positionof eachmarker n at
time k bey, (k), wheren € {1,.., N} andk € {1,.., K}. N is thenumberof marlersand
K isthenumberof frames.Theinputto this stageis the 2D co-ordinate®f the bright points

detectedbn eachcamerasimageplane.

The difficulty in calculatingy is that the associatiorbetweenmarkers and detectedooints
is unknawn, thatis, no informationis given asto which marlker producedeachbright point
detection.The problemis madeworseby thefactthatmarkersareoftenoccludedn certain

posesf thesubjectandthateachcameradetectonly anunknavn subsebf the marlers.

Estimatingthe 3D marlker positionsy, (k), ateachframeusingaglobaloptimisationor batch
techniquds computationallynfeasible.Insteadwe proposea standardequentiaéstimation
(tracking)procedurd?2] to performthistask. The procedureanbebrokeninto threestages,

eachwhich arerepeatedor eachtime frame:

1. Predictthepositionof eachmarker attime &, ¢, (k), by projectingforwardthe current
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Figurel: Exampleinputto the 3D pointtracker. The predictedpositionsof the markerson
thecameramageplanesareshavn by thecrosseswhile thecirclesmarkthe detectionsThe
associatiorsteprequiresmatchingcirclesto crossesn eachcamera,and matchingcircles

betweercamerasNotethateachcameramaynot detectall marlers.

estimateof the marler’s trajectoryasgivenby y,, (k — 1), y,(k — 2), etc. Eitherlinear

or cubicinterpolationwasusedfor this.
2. Calculatethe mostlik ely markerto—detectiorassociatiorattime & usinggy, (k).

3. Calculatethe three-dimensionainarler position, y,, (k). If the associatiorof step2
determinedhattwo or morecamerasietectednarler n, y, (k) is foundwith standard
triangulation[10]. If only onecameradetectednarker n, y, (k) is a compromisebe-
tweenits predictedoosition, g, (k), andthe 3D ray projectedthroughthe detectionon

the cameras imageplanefrom the cameras origin. If no camerasletectednarker n,

As mentionedkarlier themostproblematioof thesethreestepss thesecond At eachtime &,
we desireto label eachdetectionin eachcamerawith the marker thatgeneratedt. Thefirst
stageof this procesds to projectonto eachcamerasimageplanethe predictedposition of
eachmarler, §,, (k). Theproblemis thenoneof matchingthe projected2D marker positions
to the detectionsn eachcamera,and of matchingdetectionsbetweencameras.Figure 1

shavs anexampleinputto this stageof thetrackingprocess.

Let M bethe numberof camerasand x be the (M + 1)-dimensionamatrix representing

the associatiorwe areattemptingdetermine. x;, ;,, is 1 if marler i generatedietec-
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tion i; in cameral, detectioni, in camera2, andsoon. If ary of theseconditionsarenot



true, xi,.i,,...ins 1S 0. Thediscretespaceof possibleassociationss constrainedy the fact
thateachmarker canbe associateavith at mostonedetectionin eachcameraandthatary
detectionin a given cameracanbe associatedvith at mostonedetectionin another Thus,

summingall elementontoary onedimensiorof x is at mostunity (for example for ary i1,

Zio Zi2 e Zq;M Xio,i1,--80M < 1)-

Letc;, 4,4, Dethecostof assuminghatmarlker iy generatedletections, .., 4,7 in cam-

erasl, .., M respectrely. Thecostof assuming particularassociationy, is givenby,

N @ QM
E : E : E : Xi0,51,--i0m Cioyit,-ninm (1)
do=1lii=1  in—=1

whereQ,, is thenumberof detectionsn cameram. In this equationthe non-zercelements
of x selectwhich element®f the costmatrix, ¢, to includein the summation.We requireyy
suchthatequation(1) is minimised. Thatis, we needto selectelementof ¢ sothatat most

oneelements takenfrom eachof its dimensionsaandsothattheresultingsumis minimum.

The costmatrix, ¢, is givenby

M
Cioyityeming — ’r(ih 7ZM) +g Z d(ioaim) (2)

m=1
wherer(i1,..,ipr) is @ measureof how well detectionsy, .., 7y, reconstruct single point
in space(thatis, how well they satisfythe epipolarconstrain4]), andd(n, i,,) is the Lo
distancebetweenthe predictedposition of marker n. (as projectedonto the imageplane of

cameram) anddetection; in cameram.

The constanty in equation(2) definesthe relative importancebetweenmatchingpredicted
marker positionsto detectionsand matchingdetectionsbetweencameras. It is the ratio
betweenthe accurag of the detectiongthe measurementoise)andthe confidencen the

predictedmarker positions(the processhoise).

The problemof searchinghe constrainegpaceof possibley for the valuewhich minimises

equation(1) is oftenreferredto asthe (M + 1)—dimensionalinearassignmenproblem[2].

For the 2D caseg(for example,associatingnarkersto the detectionsn asinglecamerapr the
detectiondbetweertwo camera®nly), the problemcanbe consideredsselectingelements

of the2D matrix ¢ sothattheir sumis a minimumandsothatat mostoneelementis selected



from eachrow and eachcolumn. For the 2D case,fastand efficient algorithmsexist for
computingthe optimumassociatiorfl, 12]. However, for higherdimensiongM > 2) the

problemcanbe shavn to be NP-hard.

The generallinear dataassignmenproblemhasrecentlyreceved much attentionfrom the
radartrackingcommunitywho recommenda techniquecalledLagrangiarrelaxationfor es-
timating the optimal associatiori2, 14]. Lagrangiarrelaxationworks by first relaxingthe
uniguenessonstraintalongall but two of thedimensionsothatthe problemcanbe solved,
providing a possiblyinfeasible“dual” solution. The dual solutionis possiblyinfeasiblebe-
causeit is only guaranteedo sumto at mostunity alongthetwo dimensionshoserfor the

problem.

Fromthe dual solution,a feasible“primal” solutioncanbe attainedby consideringhe two
dimensiondor whichtheuniguenessonstrainholdsasasingledimensiorandrepeatinghe
processlt is notguaranteethatthe primal solutionis the optimumassociationhowvever the
distancebetweenits total costandthe total costof the dual solution providesa measureof
how closeit is to theoptimum. Thesolutionis refinedby weightingtheelement®f ¢;, i, ;..
thatviolate the uniguenesgonstraintin the dual solutionby someamount(the Lagrangian

multipliers)andcalculatingnewx dualandprimal solutions.

If thedualsolutionis ever feasible,it is the optimal solution,however Lagrangiarrelaxation
is not guaranteedo corverge to it. Typically, if the optimal solutionhasnot beenreached
aftersomeperiodof time, theprocesss stoppedandthe bestprimal solution(thatwhichwas

closesto its correspondinglual solution)is retained.
For furtherinformationon Lagrangiarrelaxation thereadeiis referredto [2, 14].

Usingthistechniquedo estimatehemostlikely marker-to—detectiorassociatiorat eachtime
k in conjunctiorwith theotherelement®f the3D pointtrackeraslistedabore, we areableto
calculatethethree-dimensionglositionof eachmarker at every time framebut thefirst. For
time & = 1, no predictionfor y,, (k) exists sowe insteadcalculateonly the M-dimensional
associationy;, ,...i,,» betweernthe detectionson eachcameraimageplane. It is from this
associatiorthatwe reconstrucy, (1). Thus,it is necessaryor eachmarler to bevisible by

atleasttwo camerasn thefirst frameof thetestsequence.



Trackingthe markersin this mannetis proneto errorsif the markersmove too far from their
predictedpositionsbetweentime framesandif marlersare occludedfrom all camerador
toolong. It is for this reasorthatwe suggest separataraining sequenceluringwhich the
subjects motionsareslow andsuchthatevery marleris visible to atleasttwo camerasnost

of thetime.

To theknowledgeof theauthorsthiswork providesthefirst attemptto applythe Lagrangian
relaxationtechniqueo computewision andto solve the problemof matchingpointsbetween

morethantwo imagesusinganefficient searchalgorithmover the entireassociatiorspace.

3 Calculating Lik ely Mark er—to—Limb Associations

Giventhethree-dimensiondfajectoryof eachmarler, it is thennecessarto determinevhich
marlersareattachedo which limbs of thesubject.Let Q bethe N x L matrixrepresenting
this marker-to—limb associationwhere L is the numberof limbs. €2, ; is 1 if marler n is
attachedo limb [ andzerootherwiseg(limb [ identifiesa specificlimb onthesubjectsuchas
theforearm,or upperleg). We assumehata given marker canlie only on asinglelimb, yet
agivenlimb may containary numberof markers,thus,any row of 2 may containonly one

non-zeroentry.

Thequality of choiceof €2 is givenby thealgorithmsof sectiord, whichestimatenotonly the
modelparameterdyut alsohow well themodelparametert theobseredmarkertrajectories

giveneachassociation.

The problemof estimatinghe bestvalueof 2 is, in somesensesimilarto thatof estimating
x duringthe trackingprocesof the previous section— we desireto minimisea costfunc-

tion over a matrix variablewhoseelementsare {0,1} andwhoseform is very constrained.
Unfortunately the form of the constraintsof €2 (the factthat a single columnmay contain

arny numberof non-zercentries)andthefactthatthe costfunctionis non-lineameanthatthe

Lagrangiarrelaxationtechniquedescribedn the previous sectioncannotbe usedto estimate
Q.

We proposejnsteadto generate: valuesof €2, which arecalculatedusingsomeknowledge



Figure2: Assigningmarkersto limbs is a two stepprocess.Fromthe 3D marker positions
(left image) markersattachedo thesamdimb areidentified(centreimage).Next, groupsof

markerssharinghave acommonjoint aredeterminedright image).

of how marlers attachedo the samelimb are expectedto move. Thatis, we samplethe
constrainedpaceof possible2 abouta pointthatwe expectto bea goodestimateof the best
marker-to—limbassociationThe a proposednarker-to—limbassociationarethenpassedo
the algorithmsof section4 andthetrue associations determinedasthe onewhich provides

thebestestimateof themodelparameters.

Froma Bayesiarperspectie, we seekthe maximumof the posteriordensityfunction,
P(R,e,t,y) = P(R,e,t|Q2y)P(y) 3)

whereR, e andt arethe desiredmodelparametersThe techniqueof this sectionideally
estimatethe valuesof €2 which provide the a maximumvaluesof the seconderm, P(2|y),
while the techniquef the following sectionmaximisethe first term, P(R, e, t|2,y). Al-
thoughit is notguaranteethatthemostlik ely associatiomwill maximisethe entireposterior

is it expectedthatoneof thebesta will.

Calculatingthea mostlikely valuesof 2 is performedn two stagesasillustratedin figure 2.
First, markersthat are attachedo the samelimb areidentified. This is doneby observing
which markers remaina fixed distancefrom eachother over the duration of the training
sequenceWe createan N x N matrix D, whereD,,; 2 is the varianceof the L3 distance
betweeny,,1 (k) andy,z2 (k) overall k. Notethat D is symmetricandthe elementslongits

majordiagonalarezero.Ourprocedurdor groupingmarkersonthesamdimb thenprocedes



asfollows:

1. Determingtheminimumelementf D. Let theindicesof this elementenl andn2.

2. If neithern1 norn2 have beenassignedo alimb, assume new limb existsandasso-

ciatethesetwo markerswith it.

3. If eithern1 or n2 hasbeenassignedo alimb but nottheother associatéheunassigned

marker to thelimb associatedavith the othermarler.

4. If bothmarkersn1 andn2 arealreadyassignedo limbs,aninconsisteng hasoccurred.

In this case make no markerto—limbassociationsut take noteof this marler pair.

5. SetelementD,,; »o to a numbersuficiently large thatit will not be selectedagain in

stepl.

6. Returnto stepl andrepeatuntil all element®f D have beenassessed.

This procedurecreatesa single setof groupsof markers, or marker-to—groupassociation.
To generatdurther possibleassociationsye force the marker pairsthatwereconsidereds
aninconsisteng (in step4) to be on the samelimb. Let a; bethetotal numberof marker
to—groupassociationgormed, which is a function of the numberof marlers, limbs, and

inconsistenciefoundwhenanalysingD.

The secondstageof calculating(? involves associatinghe groupsof markersto a specific
limb of thebody, suchastheforearm,or upperleg. Thisis doneby observingwhich groups
of markersremaincloseto eachotheroverthedurationof thetrainingsequenceWe construct
aL x L matrix D’ whereDy, ;, is themeanL; distancebetweerthe centroid(mean)of the
groupsof markersi1 andi2 overall k. Like D, D’ is alsosymmetricandcontainzerosalong
its major diagonal. We iteratively selectthe smallestelementfrom D’ and matchpairs of
marler groupsin exactly the samemanneraswas performedon D. The selectedairs of

marker groupsaredeemedo hase acommonjoint.

The searchspacedor the bestgroup—to-limbassociationss lessenedby consideringhe po-
sitionin 3D spaceof thecentroidof eachgroupin agivenframe.For example,if it is known

thatthe subjectstandsn a neutralposein thefirst frameof thetrainingsequencethe groups



of marlersin thelower half of thefield of view neednotbeconsideredspossiblyattachedo
thearmsor upperbody Elementf D’ correspondingo pairsof marker groupsthatareless

likely to beattachedor this reasorareincreasedeforethe searchor associationbeagins.

Onceagnin, inconsistenciethatoccurwhenanalysingD’ meanthata, possibleassociation
of groups—to—limbsregeneratedThis secondstageof associatingnarkersto limbsis per
formedon eachof thea; markerto—groupassociationformedin thefirst stageyesultingin

a = ajasy possiblevaluesof €2 for inputto thealgorithmsof thefollowing section.

4 Calculating the Mark er Offset Vectors

Given the three-dimensiongbosition of eachmarker over time anda knowledgeof which
limb eachmarler is attachedo, it is possibleto calculatethe underlyingaxes of rotations,
thethree-dimensionglositionsof thejointsaroundwhichtherotationsoccurandtheposition
of the markerswith respecto thesejoints [5, 18,13, 17, 3]. We adopta similar approacho
thatof [5], asthe solutionsareclosed-formandthusquick to calculate.Also, asis shawvn in
thefollowing section,their techniquesusuallyprovide a moreaccurateestimateof the joint

centres.

We initially considereachjoint andthe pair of limbs rotatingaboutit independently The

generamotionof this joint andtwo limbsis describedy
Ry(k)e] + tu(k) = 2] (k) (4)

wheree? is the positionof marler p onlimb [ with respecto thejoint, ¢;(k) is thetrajectory
of thejoint, R;(k) betherotationwhich definesthe orientationof limb / attime k duringthe
trainingsequenceandz? (k) is the three-dimensiongdositionof marker p onlimb / attime
k. zF (k) is y, (k) wheren is afunctionof ) (n is therow index containingthe pth non-zero

elementin columni). Figure3illustratesthis motionof thejoint andtwo limbs.

We first solve for R;(k) by subtractingdifferentinstancesof equation(4) (for differentp
andk) andeliminatingt ande. Next, we solve for e} by eliminatingonly ¢ andcombining
equationf differentl, andfinally ¢ is determinedy substitutingthe estimatedor R ande

backinto equation(4). In eachcasetheresultingequationsrelinearandcontainexcess put

10



Figure3: Themotionof two limbs connectedy a singleball joint. e is themarker positions
relative to thejoint, z is the obsered positionof the marlkers, R is the rotationof the limbs

andt is the positionof thejoint.

noisyinformation,socanbe solved directly usinga leastsquaresnethod.Whenestimating

therotationmatrices R, (k), themethodof [10] is used.

Thereaderis referredto [5] for moredetailedinformationon estimatinge, R andt from y

andf? in thismanner

The above procedurds performedfor eachof the a marker-to—limb associationgalculated

in section3. Thelikelihoodof e, R andt is a functionof thereconstructiorerror,
E=3%" 3 [Ruk)e] + ti(k) — 2] (k). 5)
k l D

We selectthe marlkerto—limbassociation{?, andits correspondingnodelparametersg, R

andt for whichthereconstructiorerroris smallest.

Whenconstructingatracker for generaimotioncaptureof the subjectwe areinterestedn e,
the marler positionsrelative to the joints, andthe lengthof eachlimb. Thelimb lengthsare

calculatedby averagingthe L3 distancebetweerthetrajectoriesof eachjoint, ¢,(k).
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Figure4: Resultof estimatingwhich markersareattachedo eachlimb (middleimage)and
the modelparameterg (the circlesandlines)andt(k) (doublecircle), for atwo limb case.

Crossesepresenthe obsered marler positions,y(k).

5 Results

The systemproposedn the previous sectionswasimplementedandtestedon a numberof
realdataexamples.In eachcase a simpletraining sequencavasperformedwhich consisted

of moving thelimbs of interestslowly andensuringthatrotationoccurredat eachjoint.

In the first test, six markers were attachedo two limbs of the subjects arm. For this se-
guence the Lagrangianrelaxationtechniqueof section2 always converged on the correct
marker-to—detectiorassociatiorandthe 3D point tracker successfullygeneratedrajectories
of themarlers,y,, (k). Thealgorithmsof section3 determinedhoinconsistenciesr doubtful
marker-to-limb assignmentsvhen analysingthe D and D’ matrices,and provided only a
single,correct,markerto—limb associationwhichis shavn in figure 4. Figure4 shavs the
resultof calculatingthe marlker positionsrelative to thejoint, e, andthejoint position,t, for

this testcase.

Thesecondestcasenvolvedtrackingtwo arms,wearingl5 markersandmodelledassesen
limbs (theaxisbetweertheshouldersvasconsideredsalimb). Onceagain, theLagrangian
relaxationtechniqueprovidedthe correctmarler-to—detectiomssociatiorandthe 3D trajec-
toriesof the markers. The algorithmsof section3 wereagain certainaboutwhich marlkers

wereattachedo the samelimbs, althoughprovideda, = 3 differentgroup—to—limbsugges-
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tionsfor themodelparameteestimation.

Figure5 shaws the resultof the final stageof the model parameteestimation. As canbe
seen the location of the underlyingskeletonandthe position of the marlersrelative to it,

appeargo follow the motionof the subjectwell.

Eachtraining sequencevas 20 secondand500frameslong, and calculatingthe modelpa-

rametergook about5 second®na 1 GHz pentiumPC.

The third testcasefor proposedalgorithmswas provided from the outputof a commercial
motion capturesystem.In this casethe 3D trajectoriesf the markerswereprovided,sothe
first stageof parameteestimationprocessvas not required. Also in this case the subject
wore markerson his right thigh andpelvis and, after performingthe training sequencend
while still wearingthe markers,wassubjectedo a ComputedTomograply (CT) scanfrom

which theexactlocationof the hip joint centrerelative to the markerswasdetermined.

The 3D trajectoryof the hip centrewascalculatedusingthe proceduralescribedn sectiord,
whichcomedrom Gamageetal [5]. Thehip centretrajectorywasalsocalculatedisingtech-
niguesdescribedy Davis etal [3] andby Gande(6]. Davis assumeaspecificskeletalshape
andgeometrywhile Ganderdescribes generalsphere—fittingechnique.Both techniques

areoftenusedby commerciaimotioncapturecompanies.

Figure6 shavs the 3D trajectoryof thejoint asgiven by thesethreealgorithmscomparedo
the true trajectoryasgiven by the CT scan. The meansquarecerror betweernthe CT scan

pathandthethreealgorithmsare:

Gamageetal 14.33 mm
Davis etal 27.13 mm

Gandertal 24.76 mm

As canbeseenpur procedurébestfollows the pathof thejoint centre.
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Figure5: Thecalculatedunderlyingskeletonfor asevenlimb model,shavn atthreedifferent
time framesduring the training sequenceThe gray lines representhe estimatedimbs, the
circlesandlinesrepresenthe marker offset vectors,andthe crossesepresenthe obsered

marler positionsy(k).
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Figure6: Three—dimensiondbcationof hip joint centreasgivenby the CT scanandby three

estimatiorntechniquesfor thethird testcase.

6 Discussionsand Conclusions

Fromtheinitial testsperformedsofar, it appearshatthe proposedrocedurdor estimating
the model parametersvorks very well. The systemcalculateswvhich limb eachmarker is
attachedo, thelocationof the markersrelative to theunderlyingskeleton,andthelengthsof

eachlimb. It is fully automaticandrequiredittle time to execute.

Of thethreestage®of theprocessit is thefirst thatappearsnostproneto failure. If thevalue
of x estimatedat ary time £ doesnot reflectthe true associatiorbetweendetectionsand

markersatthattime, theability to trackthe 3D trajectorieof themarkersis lost. Thisoccurs
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when markers are occludedfor long periodsof time and the predictedpositionsof these
marlers, g, (k), areincorrect. Whenthe predictedpositionsof the markersareincorrect,so
aretheelement®of thecostmatrix, ¢, andthevalueof x thatminimisesequation(1) maynot

bethetruemarkerto—detecitorassociation.

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 NV estimatesof y which minimise equa-
tion (1). Propog@ting eachof theseestimateghroughthe point tracker createsa trellis of
possibleassociationandmarkertrajectorieswhich needdo be prunedto stopfrom growving
exponentially The costof a particularpaththroughthis trellis could be given by the sumof

theassociatiortostsat eachof thenodesn the path(equation(1)).

In this manneyit is notnecessaryhatthetrueassociatiore the onewhich providesthe best
costattime k, solongasit is oneof thebestN, thusallowing for moreerrorin thepredicted

marler positions,j, (k).

Similar to the problemof associatingnarkersto detectionss the problemof associating
markersto limbs. As mentionedin section3, the form of 2 meansthat fastand effecient
techniquesuchaslLagrangiarrelaxationcannotbe used.The proposedechniqueof testing
a estimate®f 2 foundby heuristicmethodshasbeenfoundto work well, althoughanumber

of otheralgorithmshave beenconsideredndtested.

An alternatie approacHor optimisingover awkwardspaceshatis currentlyproving popular
in the scientific literatureare Markov Chain Monte Carlo (MCMC) methodssuchas the
Metropolis—Hastinggalgorithm[8, 19]. Thesetechniquesvork by proposinga nenv sample
estimatefrom a previous one, then acceptingor rejectingit dependingon its cost. This
processs repeatedallowing the sampleto move aboutthe spaceof possiblesolutions,and
after sometime the samplewith the bestcostis selected.In the caseof selectingthe best
marker-to—limb associationa new sampleis createdby eithermaoving a marker to another
limb or by switching the limbs assignedo two groupsof markers (operationswhich are
performedby eithermoving a non-zercelementof 2 to anothercolumnor by interchanging

two of its columns).
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It wasfoundthatMCMC techniqueslid not provide goodestimatef the markerto—limb
associatiowvariable (). Onepossiblereasorfor this wasthatthe costfunctionis multi-modal
andin orderto sufficiently searchthe spaceof possibleassociationsthesetechniquesieed
to runfor animpracticallengthof time. Whereaghe proposafunctionprovidesa methodof
moving randomlyaboutthe searchspacethe methodgroposedn section3 useinformation
suchashow therelative distancébetweemmarkerschangedavertimein orderto move directly

to likely associations.
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