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ABSTRACT

We usea kinematicchainto modelhumanbodymotion. We esti-
matethekinematicchainmotionparametersusingpixel displace-
mentscalculatedfrom video sequencesobtainedfrom multiple
calibratedcamerasto performtracking.Wederivea linearrelation
betweenthe2D motionof pixelsin termsof the3D motionparam-
etersof variousbody partsusinga perspective projectionmodel
for thecameras,a rigid bodymotionmodelfor thebasebody, and
the kinematicchainmodel for the body parts. An error analysis
of the estimatoris provided, leadingto an iterative algorithmfor
calculatingthe motion parametersfrom the pixel displacements.
We provide experimentalresultsto demonstratethe accuracy of
our formulation. We alsocompareour iterative algorithmto the
non-iterative algorithmanddiscussits robustnessin thepresence
of noise.

1. INTRODUCTION

Simultaneous3D humanshapeestimationandmotiontrackingis a
very challengingproblem.Therearemethodsthatusesilhouettes
[1], edgeinformation[2] or colourinformation[3] in orderto track
humanbody movement. Thesemethodstypically provide infor-
mationonly aboutthe locationof thebodypartsandnot its exact
posture.Giventhecomplicatednatureof humanshapeandmotion,
it canbevery dif�cult to performrobusttrackingof all bodyparts
withoutusingamotionandshapemodel.Thereareseveralmodels
for humanbodyshapemodellingfrom stick �gures andellipsoids
to morecomplicatedmodelsthat aredeformable[4]. Modelling
thehumanbodyasrigid partslinked in a kinematicstructureis a
simpleyet accuratemodelfor trackingpurposes.Optical�o w can
be exploited to provide denseinformationandobtainrobust esti-
matesof the motion parameters.Several papers[5, 6, 7, 8] have
employed this set of motion parameters.However, [6] usesor-
thographicprojection,while [7] usesaBayesianformulationcom-
binedwith a particle �ltering approachto determinethe motion
parameters.Yamamoto,et al., [8] usea larger setof motion pa-
rametersto perform tracking using multiple views and perspec-
tive projectionin anapproximateformulation. We usekinematic
chainsto model humanmotion and arrive at a preciseformula-
tion for a tracker. We analysethetime-discretisationin a practical
systemandprovideanalgorithmfor accurateestimation.

Weillustrateourmodelfor humanstructureandmotionin Fig-
ure 1(a). We model the movementof humanbeingsusingkine-
matic chainswith the root of the kinematictree being the torso
(basebody).Eachbodypartforearm,upperarm,torso,head,etc.,
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is modelledasarigid body, whoseshapeis known andis expressed
in anobjectreferenceframe.At any giventimeweknow theposi-
tionsandorientationsof thehumanbodyparts.We show that the
instantaneous3D velocity of eachpoint in the basebody coordi-

natesystemis a linear functionof thevector[V T ; _�
T
]T , whereV

is thevectorof basebodymotionparameters(rotationandtrans-
lation), and � is the vector of anglesdescribingthe poseof the
kinematicchain.In practice,however, weareableto measureonly
the2D imagepixel displacementsat eachpixel for differentcam-
eras.Weshow that,underperspectiveprojection,the2D velocities
arestill linearin the3D motionparametersandwe canaccurately
computethis linear relation. This enablesus to accuratelyobtain
the 3D motion parametersof the kinematicchain,given only the
2D pixel velocitiesobtainedfrom multiple cameras.It is easierto
obtainpixel displacement,� x , moreaccuratelythanpixel veloc-
ity u = _x .1 Substitutingpixel displacementsfor pixel velocities,
wenotethatabiasis introducedin theestimation.Weanalysethe
errorintroducedby thisbiasandproposeaniterativealgorithmby
meansof whichweareableto decreasethebias.

The experimentalsectionpresentsevaluation resultsof our
motionestimationperformedon simulateddata. We demonstrate
thesuperiorperformanceof theiterativealgorithmascomparedto
thenon-iterativealgorithmin theabsenceof noise.Wealsopresent
experimentalresultsof theperformanceof the iterative algorithm
in thepresenceof measurementnoise.

2. OBTAINING THE 3D VELOCITY

We would like to estimatethe motion parametersat time t 0 . We
de�ne thebasebodyreferenceframe,FRAME0 , thatis attachedto
thebasebody(andmoveswith thebasebody)anda spatialrefer-
enceframe,FRAMEa , that is staticandcoincideswith FRAME0

at time t0 (seeFigure1(b)). We can,therefore,view the motion
of thebasebodyasthemotionof FRAME0 . We considera single
kinematicchainof J bodypartsconnectedto thebasebody. (The
equationsthatwederivecanbetrivially extendedto multiplesuch
chains.) Eachbody part is indexed by a numberi andattached
to a coordinateframe,FRAMEi . We parameterisetheorientation
betweentwo connectedcomponentswhichpossessasingledegree
of freedomin termsof theangleof rotationaroundtheaxisof the
object coordinateframe, � . We deal with joints that have mul-
tiple degreesof freedomby consideringthem as multiple joints
with singledegreeof freedom.Thetransformationof apoint from
FRAMEj coordinatesto FRAMEi coordinatesis givenby gij (t).

1Sincewehaveonly adiscretesetof imagesof thescene,estimationof
arbitraryinstantaneousvelocitieswill beaffectedby thetime-discretisation
leadingto anerrorin theestimates.



(a)Structureof Chain (b) Basebodymotionat time t (c) ProjectionontoMultiple Cameras

Fig. 1. KinematicChainSchematic

Considerapointonbodyparti in FRAMEi coordinates,q( i )
i . The

superscriptdenotesthe index of the body part to which the point
belongsandthesubscriptdenotesthecoordinatereferenceframe.
We,therefore,have therelationq( i )

a (t) = ga0(t)q( i )
0 (t) and

_q( i )
a (t) = _ga0(t)q( i )

0 (t) + ga0(t) _q( i )
0 (t) , v B (t) + v K (t): (1)

The instantaneousvelocity of this point, asgiven in (1), hastwo
components:v B (t) , _ga0(t)q( i )

0 (t), dueto themotionof thebase
body itself, andv K (t) , ga0(t) _q( i )

0 (t) dueto the motion of the
kinematicchain. We model thesetwo motionsdifferently in the
following two subsections.

2.1. Velocity due to motion of basebody

We considerthe velocity componentdueto basebody motion in
this section. The motion of the basebody is given by a rotation
anda translation.From (1), droppingthe point index i , we have
thefollowing, whereqa (t) = [X a (t); Ya (t); Za (t); 1]T .

v B (t) = _ga0(t)q0(t) = _ga0(t)g� 1
a0 (t)qa (t)

= V̂ s
a0(t)qa (t) (2)

whereV̂ s
a0(t) , _ga0(t)g� 1

a0 (t). We notethat ga0(t) representsa

rigid transformationandisgivenbyga0(t) =
�

Ra0(t) pa0(t)
0 1

�
.

For simplicity, we dropthedependenceon time. V̂ s
a0 is calledthe

spatialvelocity. It is describedby thetranslationalvelocity, v s
a0 =

[v1 ; v2 ; v3 ]T , andtherotationalvelocity, ! s
a0 = [! 1 ; ! 2 ; ! 3 ]T . We

canshow thatV̂ s
a0 = _ga0ga0

� 1

=
�

_Ra0RT
a0 � _Ra0RT

a0pa0 + _pa0
0 0

�
. Wede�ne V s

a0 =
�

v s
a0

! s
a0

�
=

�
� _Ra0RT

a0pa0 + _pa0

( _Ra0RT
a0)_

�
, where!̂ ,

2

4
0 � ! 3 ! 2

! 3 0 � ! 1

� ! 2 ! 1 0

3

5

and(!̂ )_ ,

2

4
! 1

! 2

! 3

3

5 = ! . WecanthenreformulateV̂ s
a0qa as

V̂ s
a0qa =

2

6
4

0 � ! 3 ! 2 v1

! 3 0 � ! 1 v2

� ! 2 ! 1 0 v3

0 0 0 0

3

7
5

2

6
4

X a

Ya

Za

1

3

7
5

=

2

6
4

1 0 0 0 Za � Ya

0 1 0 � Za 0 X a

0 0 1 Ya � X a 0
0 0 0 0 0 0

3

7
5 V s

a0

= W(qa )V s
a0 : (3)

Thuswe seethat thevectorV s
a0 describesthemotionof thebase

body. The instantaneousvelocity of a point qa dueto basebody
motionis givenby v B = V̂ s

a0qa = W(qa )V s
a0 .

2.2. Velocity due to motion of kinematic chain

Considerapointonbodyparti , q( i )
i in FRAMEi coordinates.The

transformationof a point from FRAMEi to FRAME0 is repre-
sentedby g0i (t). Then the relationbetweenq( i )

0 (t) andq( i )
i (t)

is given by q( i )
0 (t) = g0i (t)q

( i )
i (t). Sincethe point is attached

to FRAMEi , _q( i )
i (t) = 0. Thenthe instantaneousvelocity of the

pointq( i )
0 canbeobtainedas

_q( i )
0 (t) = _g0i (t)q

( i )
i (t) = V̂ s

0i q
( i )
0 (t); (4)

whereV̂ s
0i is thespatialvelocityandis equalto _g0i (t)g� 1

0i (t).
In the caseof kinematicchains[9] g( i � 1) i (t) hasthe form,

g( i � 1) i (t) = �g( i � 1) i e
�̂ i � i ( t ) , where�g( i � 1) i = g( i � 1) i (0) and �̂ i

is aconstantmatrix thatdependsonwhichaxisbodyparti rotates
around.Wethereforehave _g( i � 1) i (t) = �g( i � 1) i �̂ i _� i (t)e�̂ i � i ( t ) and

V̂ s
( i � 1) i (t) = _g( i � 1) i (t)g

� 1
( i � 1) i (t) = �g( i � 1) i (t) �̂ i _� i (t) �g� 1

( i � 1) i (t):

Wedropthedependenceont in thefollowing equations.Consider
a kinematicchainwith K links, wherethemotionof thek th link
is representedby � k . Thereferenceframe(indexedby subscript0)
is attachedto thebasebody, andFRAMEk , is attachedto thek th

bodypart,for k 2 f 1; 2; : : : ; K g. Notethatif a joint hasmultiple
degreesof freedom,thenthenumberof bodyparts(J ) is lessthan
thenumberof frames(K ). We have g0i = g01 g12 : : : g( i � 1) i and
thespatialvelocity is expandedas

V̂ s
0i = _g0i g

� 1
0i =

i � 1X

j =0

g0j

�
_gj ( j +1) g� 1

j ( j +1)

�
g� 1

0j

=
i � 1X

j =0

g0j V̂ s
j ( j +1) g� 1

0j :

Wenotethatq0 = [X 0 ; Y0 ; Z0 ; 1]T . Weexpresstheinstantaneous
velocity in termsof thekinematicchainmotionparametersas

ga0 _q0 = ga0V̂ s
0i g

� 1
a0 qa

= ga0V̂ s
01 g� 1

a0 qa + ga0

K � 1X

i =1

g0i V̂
s

i ( i +1) g� 1
0i g� 1

a0 qa

=
�

�̂ 0
1 �̂ 0

2 � � � �̂ 0
i 0 � � � 0

� _�

= E(qa ; � ) _� ; (5)



whereE(qa ; � ) ,
�

�̂ 0
1 �̂ 0

2 � � � �̂ 0
i 0 � � � 0

�
, and_� =

�
_� 1 _� 2 � � � _� K

� T
and

�̂ 0
j =

�
ga0g0( j � 1) �g( j � 1) j �̂ j �g� 1

( j � 1) j g� 1
0( j � 1) g� 1

a0 qa if j � i
0 if j > i:

2.3. Combined3D velocity

We seethatthecomplete3D motionparametersaregivenby vec-
torsVa0 and _� . Combiningequations(1), (2), and(5), weget

_qa (t) = M(qa ; � )' ; (6)

whereM(qa ; � ) ,
�

W(qa ) E(qa ; � )
�

and' =
�

Va0
_�

�
.

3. MULTIPLE CAMERA EQUATIONS

In section2 we showed that the instantaneous3D 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-
agecoordinatesof the camera.In this section,we show that the
instantaneousimagevelocity of a pixel, underperspective projec-
tion, is alsolinear in themotionparameters.AssumethereareC
cameras,numberedfrom 1 throughC. We usethe superscriptc
to denotethe cameraindex. Let Pca = [pca

1 ; pca
2 ; pca

3 ]T mapa
point in FRAMEa , qa = [X a ; Ya ; Za ; 1]T to the homogeneous
imagecoordinates,~qc = [~xc ; ~yc ; ~zc ]T , of thecth camera(seeFig-
ure1(c)). We thenhave ~qc = Pca qa . Theinhomogeneousimage

coordinatesaregivenby
�

xc

yc

�
= 1

p ca T
3 q a

�
pca T

1

pca T
2

�
qa . _x c , the

imagecoordinatevelocitiescanbederivedasfollows.
�

_xc

_yc

�
=

1
pca T

3 qa

�
pca T

1

pca T
2

�
_qa �

pca T
3 _qa

(pca T
3 qa )2

�
pca T

1

pca T
2

�
qa

=
1
~zc

�
pca T

1 � (~xc=~zc)pca T
3

pca T
2 � ( ~yc=~zc)pca T

3

�
_qa

, Cc(qa ; Pca ) _qa (7)

Combining(6) and(7), wegetthefollowing comprehensiveequa-
tion.

_x c = Cc(qa ; Pca )M(qa ; � )' (8)

We seethat the numberof unknowns is �x ed, irrespective of the
numberof pointsandthenumberof cameras,andis equalto 6+ K ,
whereK is the numberof degreesof freedomof the kinematic
chain. If we canuseN (c) points from the cth camera,thenwe
have a total of 2

P C
c=1 N (c) equations.Notethatwe needpixels

on thek th bodypartto estimate_� 1 ; � � � ; _� k .

4. ESTIMATOR AND ERROR ANALYSIS

Wehaveshown thatthe2Dvelocityof apixel isalinearfunctionof
ourmotionparametervector. For thepurposeof erroranalysis,we
cansimplify (droppingthecamerasubscript)theform of equation
(8) to _x = A(t)' , whereA(t) = Cc(qa ; Pca )M(qa ; � ). If there
area totalof N pointsandK degreesof freedomin thekinematic
chain,then _x is 2N � 1, A is 2N � M , and' is M � 1, where
M = K + 6. Sincewe work with pixel displacements(� x )
insteadof velocities,we formulateour estimatoraccordinglyand

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

� x , x (t + � t) � x (t) = _x (t)� t + O(� t2):

Wedropthedependenceontimein thefollowing equations.There
is alsosomemeasurementnoisein thepixel displacementandwe
modelthemeasuredpixel displacement,� ~x , as� ~x = � x + � ,
where� is zero-meanmeasurementnoisewith variance� . We
thereforehave thefollowing equations.

� ~x = _x (t)� t + O(� t2) + � = A' � t + O(� t2) + � (9)

If we ignoresecondandhigherorderterms,thenwehave

� ~x = A' � t + � : (10)

Assuming� t = 1, an unbiasedestimatorfor ' in (10), '̂ =
(AT A) � 1AT � ~x , isobtainedbyminimisingthecostfunctionC( '̂ ) =
1
2 jj � ~x � AT '̂ jj . The higherordertermscanbe interpretedasa
biasthat affectsthe estimator. We proposean iterative algorithm
to eliminatethis bias. In our iterative algorithm,we �rst estimate
the parametersusing the linear equation. We then computethe
2D motion (pixel displacements)for the estimatedmotion. The
computationof 2D motion,giventhemotionparametersis exact.
We thencomputethe differencebetweenthe observed pixel dis-
placementsandthecomputedpixel displacements(usingour cur-
rent estimatedmotion parameters)and try to estimatea new set
of motionparametersusingtheerror in thedisplacements.As we
thusgetcloserto the truesolution,the linearestimationbecomes
moreaccurate(O(� t2) tendsto zero)andweultimatelyarriveata
fairly accurateestimateof thetruemotionparameters.In thecase
of Gaussiannoise(� ), we canshow that '̂ = (AT A) � 1AT � ~x
is theMinimum VarianceUnbiasedEstimator(MVUE). Sincewe
minimisethecostfunction 1

2 jj � ~x � AT '̂ jj , we canobtainanex-
pressionfor theerrorcovarianceR '̂ as(page34of [10])

R '̂ = H� 1

 
2NX

i =1

ai a
T
i r � ~x

i

!

H� T ;

whereH =
P 2N

i =1 ai aT
i , R� ~x = diag(r � ~x

1 ; r � ~x
2 ; � � � ; r � ~x

2N ) and
aT

i is thei th row of A.

5. EXPERIMENT AL RESULTS

Fig. 2. Comparisonof IterativeandNon-IterativeAlgorithms.



(a)Basebodyvelocityestimation (b) Basebodyangularvelocityestimation (c) Kinematicchainangleestimation

Fig. 3. Estimationof Motion Parametersusingiterativealgorithmin thepresenceof measurementnoise.

In our experimentswe determinehow our estimatorfor 3D
motion parametersperformson simulateddata. We have built a
kinematicchaincomposedof a basebody with threearticulated
objectsattachedin a kinematicchainasin Figure1 (a). Thebase
body moveswith translationalandrotationalmotion andthe ob-
jectsareconstrainedto rotateabouttheir joints. Thereare3 joints
with 3, 2, and2 degreesof freedomrespectively. We projectthe
3D model onto C = 3 static camerasand recordthe pixel dis-
placementfor pixelson eachof thefour bodypartsin theC cam-
eras.We canprojectthecurrentposeonto the imageto associate
eachpixel with thebodypartandthushandleocclusions.We �rst
evaluatethe performanceof the tracker in the iterative andnon-
iterative modeson datathat doesnot containany noise. In our
formulationfor thenon-iterative estimator, we do not accountfor
thesubstitutionof � x c for u c . This is anoft-usedapproximation
and is valid for small motions. However, in a trackingproblem
errorsaccumulateandthis canleadto theobjectultimatelylosing
trackof theobject.Indeed,in our experiments,we �nd thatin the
non-iterative tracker, theerrorsaccumulatequickly despitetheab-
senceof any noise. This is becausethenon-iterative formulation
is notexact.Figure2 comparestheoutputof thenon-iterativeand
the iterative algorithms. The “ � ” markersare the outputsof the
the iterative algorithmand“ � ” markersaretheoutputsof the the
non-iterative algorithm. Our experimentsshow that our iterative
algorithmresultsin a nearperfecttracker while the non-iterative
algorithmdeteriorateswith time. Error1 is the trackingerror of
the iterative algorithmandError2 is theerrorof thenon-iterative
algorithmin this andsubsequent�gures. Only someof the mo-
tion parametersareplottedin someof the �gures for clarity. We
alsonotethattheiterativeestimatorconvergesfasterif weestimate
theparameterssequentiallystartingfrom therootof thekinematic
chain.

In Figure3, we presenttheperformanceof the tracker in the
iterative modeon datathat containsmeasurementnoise. We add
uncorrelatedzero meanGaussiannoisewith � = 0:0006 (note
that in the systemthe averagepixel displacementis 0:0034) to
thepixel displacementvalues.We seethat thetracker follows the
actualparametervaluefor mostparameters.We seethat thebase
body motion parameterestimatesare the poorest. This is to be
expectedbecausetheratio of thenumberof parametersestimated
to thenumberof equationsavailableis theleastfor thebasebody.
One would expect that the estimateswill be more robust when
therearearemorepixelson thetarget. We �nd that theestimates
of the kinematicchainmotion parametersarevery robust for the
samereason.

6. CONCLUSION

We have outlinedan algorithmfor estimating3D motion param-
etersof a kinematicchainmodel from 2D imagepixel displace-
ments. We usea kinematicchainmodel for humanmotion and
usetheperspective projectionmodelandmultiple camerasin our
formulation. We estimatethe 3D motion parametersfrom pixel
displacements.We show thattheestimationof 3D motionparam-
etersis biasedand proposean iterative algorithm that resultsin
a very accuratetracker whenappliedon simulateddata. We also
reportresultson simulateddatathat containsmeasurementnoise
and�nd that the iterative algorithmto be robustandsuccessfully
tracksthe motion parameters.The compactform of the 3D mo-
tion parametervector, andthe linear formulationmake it easyto
extendit into a stochasticformulation(Kalman�lter) which will
provide robustnesswhenappliedto realdataandwill alsoexploit
thetemporalcorrelationof themotionparameters.
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