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ABSTRACT

We usea kinematicchainto modelhumanbody motion. We esti-
matethe kinematicchainmotion parametersisingpixel displace-
mentscalculatedfrom video sequencesbtainedfrom multiple

calibratedcamerago performtracking. We derive alinearrelation
betweerthe 2D motionof pixelsin termsof the 3D motionparam-
etersof variousbody partsusing a perspectie projectionmodel
for thecamerasarigid body motionmodelfor thebasebody, and
the kinematicchain modelfor the body parts. An error analysis
of the estimatoris provided, leadingto aniterative algorithmfor

calculatingthe motion parameterdrom the pixel displacements.

We provide experimentalresultsto demonstratehe accurag of
our formulation. We also compareour iterative algorithmto the
non-iteratve algorithmanddiscussts robustnessn the presence
of noise.

1. INTRODUCTION

Simultaneou8D humanshapeestimatiorandmotiontrackingis a
very challengingproblem. Therearemethodghatusesilhouettes
[1], edgeinformation[2] or colourinformation[3] in orderto track
humanbody movement. Thesemethodstypically provide infor-
mationonly aboutthe locationof the body partsandnot its exact
posture Giventhecomplicatechatureof humanshapeandmotion,
it canbevery dif cult to performrobusttrackingof all body parts
withoutusingamotionandshapemodel. Thereareseveralmodels
for humanbody shapemodellingfrom stick gures andellipsoids
to more complicatedmodelsthat are deformable[4]. Modelling
the humanbody asrigid partslinkedin a kinematicstructureis a
simpleyet accuratenodelfor trackingpurposesOptical o w can
be exploited to provide denseinformationand obtainrobust esti-
matesof the motion parameters Several paperd5, 6, 7, 8] have
employed this set of motion parameters.However, [6] usesor-
thographigorojection,while [7] usesa Bayesiarformulationcom-
binedwith a particle Itering approachto determinethe motion
parameters.Yamamoto.et al., [8] usea larger setof motion pa-
rametersto perform tracking using multiple views and perspec-
tive projectionin an approximategormulation. We usekinematic
chainsto model humanmotion and arrive at a preciseformula-
tion for atracker. We analysethetime-discretisationn a practical
systemandprovide analgorithmfor accurateestimation.
Weillustrateourmodelfor humanstructureandmotionin Fig-
ure 1(a). We modelthe movementof humanbeingsusingkine-
matic chainswith the root of the kinematictree beingthe torso
(basebody). Eachbody partforearm,upperarm,torso,head etc.,
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is modelledasarigid body, whoseshapés known andis expressed
in anobjectreferencdrame. At ary giventime we know the posi-
tionsandorientationsof the humanbody parts. We shav thatthe
instantaneou8D velocity of eachpointin the basebody coordi-

natesystemis a linearfunction of thevector[V"; _' ", whereV
is the vectorof basebody motion parametergrotationandtrans-
lation), and is the vectorof anglesdescribingthe poseof the
kinematicchain.In practice however, we areableto measurenly
the 2D imagepixel displacementat eachpixel for differentcam-
eras.We shav that,underperspectie projection the2D velocities
arestill linearin the 3D motion parameterandwe canaccurately
computethis linear relation. This enablesusto accuratelyobtain
the 3D motion parameter®f the kinematicchain, given only the
2D pixel velocitiesobtainedfrom multiple cameraslt is easierto
obtainpixel displacement, x, moreaccuratelyjthanpixel veloc-
ity u = x.! Substitutingpixel displacementfor pixel velocities,
we notethata biasis introducedn the estimation We analysehe
errorintroducedby this biasandproposeaniterative algorithmby
meansf which we areableto decreas¢hebias.

The experimentalsectionpresentsevaluation resultsof our
motion estimationperformedon simulateddata. We demonstrate
thesuperiomperformancef theiterative algorithmascomparedo
thenon-iteratve algorithmin theabsencef noise.We alsopresent
experimentalresultsof the performanceof the iterative algorithm
in the presencef measuremermtoise.

2. OBTAINING THE 3D VELOCITY

We would like to estimatethe motion parameterst time to. We
de ne thebasebodyreferencdrame ,FRAMEy, thatis attachedo
the basebody (andmoveswith the basebody)anda spatialrefer
enceframe,FRAME;, thatis staticandcoincideswith FRAMEg
attime to (seeFigure1(b)). We can,therefore,view the motion
of thebasebodyasthe motionof FRAME,. We considerasingle
kinematicchainof J body partsconnectedo thebasebody (The
equationghatwe derive canbetrivially extendedo multiple such
chains.) Eachbody partis indexed by a numberi and attached
to acoordinateframe, FRAME; . We parameteris¢he orientation
betweertwo connecteatcomponentsvhich possesasingledegree
of freedomin termsof the angleof rotationaroundthe axis of the
objectcoordinateframe, . We dealwith joints that have mul-
tiple degreesof freedomby consideringthem as multiple joints
with singledegreeof freedom.Thetransformatiorof a pointfrom
FRAME; coordinateso FRAME; coordinatess givenby gj (t).

1Sincewe have only adiscretesetof imagesof thescenegstimatiorof
arbitraryinstantaneougelocitieswill beaffectedby thetime-discretisation
leadingto anerrorin theestimates.
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Fig. 1. KinematicChainSchematic

Considerpointonbodyparti in FRAME; coordinatesqi(i). The
superscriptenoteghe index of the body partto which the point
belongsandthe subscriptdenoteshe coordinatereferencerame.

We, therefore have therelationg(") (t) = gao(t)ql’ (t) and

al’ (1) = Geo(t)ay’ (1) + Gao(t)ad’ (1), Ve (1) + v (1): (1)

The instantaneouselocity of this point, asgivenin (1), hastwo
componentsvg (t) , ggo(t)qg') (t), dueto themotionof thebase

bodyitself, andvk (t) , dao(t)al’ (t) dueto the motion of the
kinematicchain. We modelthesetwo motionsdifferently in the
following two subsections.

2.1. Velocity due to motion of basebody

We considerthe velocity componentdueto basebody motionin
this section. The motion of the basebody is given by a rotation
anda translation. From (1), droppingthe point index i, we have
thefollowing, whereq, (t) = [Xa(t); Ya(t); Za(t); 11".

Ve(t) = Go(Ddo(t) = Gao(t)dao ()04 (1)
= V(). (t) @
whereV.5(t) | Qao(t)g,a (). We notethatgao(t) represents
rigid transformatiorandis givenby gao (t) = Ra%(t) paol(t)

For simplicity, we dropthe dependencentime. V5, is calledthe
spatialvelocity. It is describedy thetranslationalelocity, v, =
[vi;Vv2;va]", andtherotationalvelocity, ! So = [! 1;! 2;! 3]". We
canshav that¥$ = ga0Ga0 *

= RaOOR;O RaO Rlogao + Bao . Wede ne aSO = 'V%O
2 "2y
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Thuswe seethatthe vectorV,, describeghe motion of the base
body Theinstantaneouselocity of a point q, dueto basebody

motionis givenby vs = V50, = W(q,) V.

2.2. Velocity due to motion of kinematic chain

Considerpointon bodyparti,qi(i) in FRAME; coordinatesThe
transformationof a point from FRAME; to FRAME;, is repre-
sentedby goi (t). Thenthe relation betweenqg)(t) and qi(i)(t)

is given by qg) (t) = Qo (t)qi“)(t). Sincethe point is attached
to FRAME;, g (t) = 0. Thentheinstantaneouselocity of the

pointqg) canbeobtainedas

a5’ (1) = i (D’ (©) = Vsiaf” (v); @)
whereVs is thespatialvelocity andis equalto go; (t)goil(t).
In the caseof kinematicchains[9] g; 1)i (t) hasthe form,

gi i) = gi pie' W, wheregi 1y = gi 12i(0) and”i
is aconstanmatrix thatdependon which axisbodyparti rotates

around Wethereforehave g 1 (t) = gq 1" +(t)e’ ' and

V¢ 0i) = ai i i (1) = g5 1) +(1)g" (1)

Wedropthedependencent in thefollowing equationsConsider
akinematicchainwith K links, wherethe motion of thek™ link
isrepresentetly . Thereferencdrame(indexedby subscripD)
is attachedo the basebody, andFRAMEy, is attachedo the k™
bodypart,fork 2 f1;2;:::;K g. Notethatif ajoint hasmultiple
degreesof freedom thenthe numberof body parts(J) is lessthan
the numberof frames(K ). We have goi = Qo1012 :::9; 1) and

= thespatialvelocityis expandedas

K1
Widei" = Goi  Gi(j+) gj(j1+1) goj'l

i=0

S —
0i -

'X 1
- 1.
= goi V% +1) 9oj -

i=0

We notethatq, = [Xo; Yo; Zo; 1]". We expresstheinstantaneous
velocity in termsof thekinematicchainmotionparameteras
G0dy = 0a0¥5iGao da
I'X 1

= 0aoV0i0a0Ga * G0 Goi Uiis1) Goi'Gag Ua

i=1
- N g )
12 i 0 0

E(da; )= (6)



whereE(q,; ), 9 79 00 0 ,and_=
4 =2 -« " and

o_ GG %G 195" %0 nY%0da i

! 0 if j > i

2.3. Combined 3D velocity

We seethatthe complete3D motionparameteraregivenby vec-
torsVao and —. Combiningequationg1), (2), and(5), we get

L) = M. ) (6)

Va 0

whereM(d,; ), W(d.) E(q.; ) and =

3. MULTIPLE CAMERA EQUATIONS

In section2 we shaved that the instantaneou8D velocity at a
point is a linear function of the motion parameters.In a practi-
cal setupwe canonly measurethe motion of a point in the im-
agecoordinatef the camera.In this section,we shav thatthe
instantaneousnagevelocity of a pixel, underperspectie projec-
tion, is alsolinearin the motion parametersAssumethereareC
cameraspumberedrom 1 throughC. We usethe superscripc
to denotethe cameraindex. Let P® = [p%;p%;p?]" mapa
pointin FRAME,, g, = [Xa;Ya;Za;1]" to the homogeneous
imagecoordinatesg, = [¥c; ¥o; 2]", of thec" camera(se€ig-
urel(c)). Wethenhave g, = P*®*q,. Theinhomogeneousnage
Xc 1 caT

P1

coordinategregivenby Ve = e Tas caT O, Xc, the
imagecoordinatevelocitiescanbe derived asfollows.
Xe 1 pg! P’ da  p§T
Yo pFTq, pET B (pgTgy? peT e
- 1 pT (%c=z)p3T
o PP (ve=z)pS da
. C(9a:PM)a, @)

Combining(6) and(7), we getthefollowing comprehense equa-
tion.
Xe = C(0a; P*)M(d,: ) ®)

We seethat the numberof unknavnsis x ed, irrespectve of the
numberof pointsandthenumberof camerasandis equalto 6+ K ,
whereK is the numberof degreesof freedomof the kinematic
chain. If we canyuseN (c) pointsfrom thec camerathenwe
have a total of 2 CC=1 N (c) equations Note thatwe needpixels

onthek™ bodypartto estimate ; HE

4. ESTIMATOR AND ERROR ANALYSIS

We have shavn thatthe2D velocity of apixelis alinearfunctionof

our motionparametevector For the purposeof erroranalysiswe
cansimplify (droppingthe camerasubscripttheform of equation
(8)tox = A(t)' , whereA(t) = C°(q,;P®)M(q,; ). If there
areatotal of N pointsandK degreesof freedomin thekinematic
chain,thenx is2N 1,Ais2N M,and' isM 1, where
M = K + 6. Sincewe work with pixel displacementg x)

insteadof velocities,we formulateour estimatoraccordinglyand

analysethe error introduceddue to the approximation. We can
expandthe pixel positionin termsof the Taylor seriesand thus
obtain x as

X, X(t+ t) x(t)=x(t) t+ O( t?):
We dropthedependencentimein thefollowing equationsThere

is alsosomemeasurememioisein the pixel displacemenandwe
modelthe measuregixel displacement, x,as x = x +

)

where is zero-mearmeasurementoisewith variance . We
thereforehave thefollowing equations.
x=x(t) t+O( tH+ =A t+O0O( t)+ 9)
If weignoresecondandhigherorderterms,thenwe have
x= A t+ (10)
Assuming t = 1, anunbiasedestimatorfor ' in (10), ™ =

(ATA) AT x, isobtainedoy minimisingthecostfunctionC ()
2ji x A™™jj. Thehigherordertermscanbeinterpretedasa
biasthat affectsthe estimator We proposean iterative algorithm
to eliminatethis bias. In our iterative algorithm,we rst estimate
the parameteraising the linear equation. We then computethe
2D motion (pixel displacementsjor the estimatedmotion. The
computationof 2D motion, giventhe motion parameterss exact.
We then computethe differencebetweenthe obsened pixel dis-
placementandthe computedpixel displacementgusingour cur
rent estimatedmotion parametersandtry to estimatea new set
of motion parametersisingthe errorin the displacementsAs we
thusgetcloserto the true solution, the linear estimationbecomes
moreaccuratéO( t2) tendsto zero)andwe ultimatelyarrive ata
fairly accurateestimateof the true motion parametersln the case
of Gaussiamoise( ), we canshav that”™ = (ATA) AT x
is the Minimum VarianceUnbiasedEstimator(MVUE). Sincewe
minimisethe costfunction %jj x  AT"jj, we canobtainanex-
pressiorfor theerrorcovarianceR~ as(page34 of [10])

x HT.

XN
aiaaTri
i=1

R.=H !

P
whereH = = 2N aal, R « = diag(r; *;r,*;  ;roy) and

al isthei™ row of A.

5. EXPERIMENT AL RESULTS
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Fig. 2. Comparisorof Iterative andNon-Iteratve Algorithms.



(a) Basebodyvelocity estimation

(b) Basebodyangularvelocity estimation (c) Kinematicchainangleestimation

Fig. 3. Estimationof Motion Parametersisingiterative algorithmin the presencef measurememioise.

In our experimentswe determinehow our estimatorfor 3D
motion parameterperformson simulateddata. We have built a
kinematicchain composedf a basebody with threearticulated
objectsattachedn a kinematicchainasin Figurel (a). Thebase
body moveswith translationaland rotationalmotion andthe ob-
jectsareconstrainedo rotateabouttheirjoints. Thereare3 joints
with 3, 2, and 2 degreesof freedomrespectiely. We projectthe
3D modelonto C = 3 staticcamerasand recordthe pixel dis-
placementor pixelson eachof thefour body partsin the C cam-
eras.We canprojectthe currentposeonto the imageto associate
eachpixel with thebody partandthushandleocclusionsWe rst
evaluatethe performanceof the tracker in the iterative and non-
iterative modeson datathat doesnot containary noise. In our
formulationfor the non-iteratve estimatoy we do not accountfor
the substitutionof  x ¢ for uc. Thisis anoft-usedapproximation
andis valid for small motions. However, in a tracking problem
errorsaccumulatendthis canleadto the objectultimatelylosing
trackof the object. Indeed,in our experimentswe nd thatin the
non-iteratve tracker, the errorsaccumulatejuickly despitetheab-
senceof ary noise. This is becausehe non-iteratve formulation
is notexact. Figure2 compareshe outputof the non-iteratve and
the iterative algorithms. The“ " markers are the outputsof the
theiterative algorithmand“ ” markersarethe outputsof the the
non-iteratve algorithm. Our experimentsshaw that our iterative
algorithmresultsin a nearperfecttracker while the non-iteratve
algorithm deteriorateswith time. Error; is the tracking error of
the iterative algorithmandError; is the error of the non-iteratve
algorithmin this and subsequentgures. Only someof the mo-
tion parameterareplottedin someof the gures for clarity. We
alsonotethattheiterative estimatorconvergesfasteiif we estimate
the parametersequentiallystartingfrom theroot of the kinematic
chain.

In Figure3, we presenthe performanceof the tracker in the
iterative modeon datathat containsmeasurementoise. We add
uncorrelatedzero meanGaussiamoisewith = 0:0006 (note
that in the systemthe averagepixel displacemenis 0:0034) to
the pixel displacementalues.We seethatthetraclker follows the
actualparameteraluefor mostparametersWe seethatthe base
body motion parameterestimatesare the poorest. This is to be
expectedbecauseheratio of the numberof parametergstimated
to the numberof equationsvailableis the leastfor the basebody.
One would expectthat the estimateswill be more robust when
therearearemorepixelsonthetarget. We nd thatthe estimates
of the kinematicchainmotion parametersre very robust for the
samereason.

6. CONCLUSION

We have outlinedan algorithmfor estimating3D motion param-
etersof a kinematicchainmodelfrom 2D image pixel displace-
ments. We usea kinematicchain model for humanmotion and
usethe perspectie projectionmodelandmultiple camerasn our
formulation. We estimatethe 3D motion parameterdgrom pixel
displacementsWe shaw thatthe estimationof 3D motionparam-
etersis biasedand proposean iterative algorithm that resultsin
avery accuratetracker whenappliedon simulateddata. We also
reportresultson simulateddatathat containsmeasurememoise
and nd thattheiterative algorithmto be robustandsuccessfully
tracksthe motion parameters.The compactform of the 3D mo-
tion parametewector andthe linear formulationmake it easyto
extendit into a stochastidormulation(Kalman Iter) which will
provide robustnessvhenappliedto real dataandwill alsoexploit
thetemporalcorrelationof the motion parameters.
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