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Abstract

In thispaperwedescribea systemfor visualtrackingof the
limbs of a humanbody. The systemusesa 3D computer
graphicsmodelof the human�gur e and optimizesits pa-
rameters to �t theperson's silhouettein oneor more cam-
era views. Thesystemincorporatesjoint angleconstraints
anda novelmethodfor dealingwith ambiguousedges.The
systemoperatesin real-timeonmultipleviewsandhasbeen
evaluatedontheCMU MoBocorpuswith groundtruth data
andanautomaticallyevaluatedperformancemetric.

1. Intr oduction
Thevisualunderstandingof humanactionsis a burgeoning
�eld with awiderangeof applications,from motioncapture
for the �lm industry throughsurveillanceto humancom-
puterinteraction.In eachof theseareasthereisaneedto un-
derstandfrom imageshow a humanbodyis moving. Many
previousapproachesto theseproblemshaveconstrainedthe
problemby eitherdisregardingthe articulationsof the hu-
manbody, treatingit asa unitary, if protean,object[1]; or
treatingonly asingleaspectof thebody, suchasheadpose,
facialexpressionor handgesture[2].

A numberof applicationshowever, requireanapproach
with much more detail than the former, while modelling
the whole body and parametrizinga wider rangeof mo-
tions than permittedby the more narrowly focusedsys-
tems. Suchapplicationsincludehuman-computerinterac-
tion, motion-capturefor animationandbiomedicalapplica-
tions,andsurveillance.Clearly, someof thesetasksmight
bebettersolvedwith specialinstrumentationor sensors,but
thegeneralityof a purelyvisual solution,togetherwith its
potentialfor low-costdeploymenton standard,even exist-
ing, hardware;for applicationto legacy visualmedia(video
indexing,sportsvideoannotation);andthedesirefor asolu-
tionwithoutintrusiveinstrumentation,for potentiallycovert
use,and which parallelshumanabilities togethermake a
computervisionapproachdesirable.

Surveillance,a rapidly growing areaof computervision
research,will continueto demandmoreandmoresophisti-
catedmodellingof peopleto progressfrom trackingof in-
dividualsto understandingof people's actionsandinterac-
tionswith objectsandotherpeople:Is this personshoplift-
ing? Is that persondrawing a weapon?Are thosepeople
shakinghands?RecentlytheHumanIdenti�cation ataDis-

tanceProjecthasalsospurredactivity in identifying indi-
vidualsby gait,thoughmany approachesextractgenericsil-
houettefeatureswithout attemptingto track thearticulated
motionof thebody[16].

In this paperwe proposea novel methodof trackingar-
ticulatedhumanbodiesin videodataandevaluateouralgo-
rithms groundtruth for a standarddataset.The following
sectionreviews previous work in the �eld. In Section3
we describeour modelandexplain in Section4 how it is
usedto trackvideodata.Section5 describesour approach
to performanceevaluationandSection6 describesthe ex-
perimentsthat have beenconductedto test the algorithms
described.

2. Previous work
Several researchershave startedto tackle the problemof
articulatedbody tracking sinceearly work by Hogg [14].
Gavrila [11] reviews work in this �eld, thoughtherehas
been a growth of interest in recent years. Becauseof
the complexity of the problemand the large quantitiesof
datainvolved,previouswork hasbeenlimited by computer
power. This hasalsomeantthat little evaluationhastaken
place,with performancemeasuresbeinglimited to subjec-
tiveevaluationandthepublicationof a few sampleframes.

2.1. Tracking with dir ect methods
Bregler andMalik [6,7] describethetrackingof anarticu-
latedbodyby �tting a three-dimensionalmodelto multiple
views, usingthe direct methodsderived from the tracking
describedby Bergenetal. [4]. Themodelis usedto predict
themotionof eachpartof theimagein termsof thechanges
in the parametersof the model,which is representedwith
exponentialtwistswhichwe describein Section4.2. Given
a frameI of dataat time t, whenthemodelis assumedto
becorrectly�tting thepersonwith parameters,� , anew im-
agereceivedat time t + 1, theold framecanbererendered
asit would appearfor a hypothesizedchange_� in the pa-
rameters.Their systemtries to minimize the least-squares
intensityerror betweenthe new frameandthe warpedold
frameby solvingthenonlinearleastsquaresproblemsetup
by representingthe derivative of the brightnessconstancy
equation:

r I dx +
@I
@t

dt = 0 (1)

1



recastin termsof changesin theparameters.
Chamand Rehg[8] track a two-dimensional�gure in

monoculardata using a probabilistic model to estimate
the likelihood of a given parameterchangein a multi-
hypothesisframework.

2.2. Fitting with edges

DrummondandCipolla [10] haveusedasimilarmodeland
optimizationframework to BreglerandMalik with adiffer-
ent trackingmethod. They too have a computergraphics
model, conceived asa hierarchyof rigid partswith joints
representedasexponentialtwists,in thiscasewith eighteen
degreesof freedom.Thesolidsusedfor thebodypartsare
modelledasintersectionsof pairsof quadrics.

The main differencewith the work of Bregler andMa-
lik, is that the featuresusedfor �tting themodelareedges
predictedin themodel,which areforcedto conformto im-
agepointswith high intensitygradient.Fromthecomputer
graphicsmodel, the locationsof body part edgesarepre-
dicted. Thesepredictededgesaresampledat regular inter-
vals,andperpendicularto eachone,a searchis carriedout
to �nd the local maximumin the imagegradient,which is
hypothesizedasthetruelocationof theedge.

Sincetherearemany feweredgefeaturesthanimagepix-
els on thebody, andsincethereis no imagewarpingstep,
this systemis able to run in real time (25Hz) on a single
view.

Gavrila andDavis [12] useda computergraphicsmodel
basedon a 22-parameterstick �gure which was “�eshed
out” with hand-craftedsuperquadriclimbs. Thesemodels
weretracked automaticallyin four views (back,front, left
andright) by matchingtheedgesin the image(with back-
groundsubtracted)to thepredictededgesof themodelus-
ing chamfermatching.Becauseof thehigh dimensionality
of thesearchspace,it wasdecomposedwith �tting proceed-
ing by �rst aligningthetorso,thenthelimbs. Thissystemis
alsoableto initialize themodelparameterswhenasequence
beginswith a posewith distinctivesilhouette.

More recently, Poon and Fleet [19] and Lee et al.
[15] have describedmethodsfor �tting anarticulatedbody
modelto videoof humanmotion,usingparticle�ltering ap-
proaches,whichsampleparticlesfrom posteriorprobability
distributionsacrossparameterspace.Theformertrackedge
featuresin monocularsequences,with handinitializationof
themodels,but quoteprocessingtimesof up to 7 minutes
perframe.Thelatterusethreeviews, �tting their modelto
thesegmentedforegroundregionin each,andhavedesigned
anautomatedsystemfor initializing themodelparameters.
PlaenkersandFua[18] usea combinationof edgeandre-
gioninformationto trackpeoplein stereodatawith amodel
basedonmetaballs.

3. Model
The systemfor human body tracking that we have de-
veloped has a computergraphicsmodel which consists
of a hierarchyof rigid partswhoserelative positionsare
parametrizedby exponentialtwists [7]. The model is of
variableresolutionallowing detailedmodellingwhenmore
information is available (when part of the personis close
to the camera,in the �eld of view of a telephotocamera,
or is visible to multiple cameras)andof lower resolution
whenlessvisualinformationaboutabodypartis available,
or whenanapplicationrequireslessdetailedinformation.

Thethree-dimensionalmodelusedconsistsof ellipsoids
andgeneralizedcylinders. Ellipsoidsareparametrizedby
the lengthsof their threeprinciple axes. The generalized
cylindersarethefrustaof elliptical cones,parametrizedby
aheightandthelengthsof majorandminoraxesof theellip-
tical cross-sectionat oneend,with a relative magni�cation
appliedequallyin bothdimensionsat thefarend.

Figure 1: Threeviews of the model showing a rangeof
poses.

The body model hasup to fourteenrigid components:
torso,head,upper& lower arms,hands,thighs,calvesand
feet. The headis the only componentfor which an ellip-
soidis used.Figure1 showsthefourteen-componentmodel
in variousposes. In the experimentsdescribedhere, the
modelhasa restrictedsetof degreesof freedom,suf�cient
to capturethemostsigni�cant movementsin awalkingper-
son. The dimensionsare not allowed to vary, andonly a
restrictedsubsetof theangulartwist parametersaretracked.

4. Tracking
Thesystemtracksarticulatedmotionsusingthesequenceof
processesshown in �gure 2 on eachnew frameof data.An
estimateof themodelparametersis derivedfrom theparam-
etersfor thepreviousframe.(In practicea constantangular
velocity modelhasnot beenfound to beuseful,so theold
parametersareuseddirectly asan initial estimate.)Given
this model pose,in eachview, the occludingcontoursof
thelimbs arecalculated,andcorrespondencesto thesecon-
toursaresoughtin the silhouettefor that view, calculated
by backgroundsubtraction[3]. A new set of parameters
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Figure2: A schematicview of the operationsinvolved in
parameterestimation.

is estimated,andthe processrepeated.We apply the pro-
cedurein a course-to-�nesearch(typically with two scales
separatedby a factorof two) to achieve fasterconvergence
over a largersearchspace,with several (typically three)it-
erationsat eachscale.

4.1. Silhouettefeatures
DrummondandCipolla [10] �t the predictededgesin the
graphicalmodelto edgesfoundin thevideoimage,masking
outedgesnotonthepersonto betrackedwith abackground
subtractionprocedure.Herewe chooseto �t the modelto
the morewell-de�ned silhouetteof the model,alsocalcu-
latedwith background-subtraction.

Themodelwith thecurrentposeparametersis projected
onto the imageplaneto �nd the occludingcontourof the
model,asshown in Figure3. Theprojectionsof thecurved
sidesof eachbody part arealwaystracked,andindividual
bodypartsare�agged if eitherendshouldbetracked. The
projectededgesaresampledat regular intervals (typically
every pixel) and within somewindow (typically 8 pixels
at any givenscale)alonga normalat eachsamplepoint, a
silhouetteedge(a foreground-to-background transition)is
searchedfor. This is shown in Figure4.

While botharesubjectto failuresof backgroundsubtrac-
tion, silhouetteedgeshave two advantagesover imagegra-
dientfeaturesin thattextureonthetrackedobjectcangener-
atefalseedges,andthesignof thetransitionis known(fore-
groundto background),whereastheintensityedgecouldbe
light-to-darkor dark-to-light.Furthermorethenormalonly
needsto be searchedin one direction sinceif the sample
point is in the foreground,thesearchmustbe in thedirec-
tion awayfrom theobject,but if thesamplepoint is already
on thebackground,thesearchshouldbetowardstheinside
of thelimb.

4.2. Twist representationof kinematic chain
Themodelis parametrizedusingtheexponentialtwist for-
mulation from the robotics literature[17] that is usedby
Bregler andMalik [7] andDrummondandCipolla [10] to
describethe poseof eachpart with respectto its `parent'
parts. We brie�y review the derivation of imagemotions

Figure3: Theforegroundregionswith thepredictedmodel
edgessuperimposedfor eachview.

from parameterchangesin the twist representation.Each
joint k in themodelis a revolutejoint aboutanaxis! , with
a point q on theaxis. For a rotation� k , this is represented
with a twist

� k = (v1 v2 v3 ! x ! y ! z )T (2)

=
�

� � k ! � q
� k !

�
(3)

This rotationhashomogeneoustransformatione ^� k where:

�̂ k =

0

B
B
@

0 � ! z ! y v1

! z 0 � ! x v2

� ! y ! x 0 v3

0 0 0 0

1

C
C
A : (4)

Now, a kinematicchainof rigid limbs 1; : : : ; K joined
by revolute joints canbe representedby a productof such
transformations.A point qo on joint K is

qc =

 
KY

k=1

e�̂ k

!

qo (5)

in the global coordinatesystemin which the chain is an-
chored. It canbe shown [17] that if the joints arerotating
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Figure4: A modeledge(full line) with onesamplepoint
and its searchnormal and a found silhouetteedgel. The
occludedmodeledge(dashedline) couldalsomatchagainst
thissilhouetteedgel.

with angularvelocities _� k thenthevelocity in theglobalco-
ordinatesystemis:

_x =

 
KY

k=1

�̂ 0
k

!

qc; (6)

where

�̂ 0
k = Ad

"  
K � 1Y

k=1

�̂ k

!

:� K

#

; (7)

andwhere

Ad
��

R p
0 1

��
=

�
R p̂:R
0 R

�
; (8)

denotingtheadjoint(6� 6) matrixof ahomogeneoustrans-
formation.

4.3. Fitting
Eachsilhouetteedgelfound by searchingalong a normal
givesahypothesizeddisplacement(dx; dy) for thepointqc

on themodel'soccludingcontour. In this formalism,track-
ing consistsof �nding the setof parameterchanges_� that
minimizesthe sum-squareddisplacement.Sincewe know

themodelpoint'sposition,Equation6 givesusthedisplace-
mentinducedby asetof parameterchanges.Separatingthis
into x andy components:

H x (x): _� = dx

H y (x): _� = dy: (9)

Combiningthe displacementequations9 for all pixels,
wearriveat:

H : _� + d = 0: (10)

Whenwehavemultipleviews,eachpixel in eachview con-
tributestwo rows to a singleequationof this form. Equa-
tion 10 is solvedby leastsquares:

_� = � (H T :H ) � 1H T :d (11)

Sincetheequationsarein factnonlinear, theprocessis iter-
ated.

4.4. Ambiguousedges
It shouldbenotedthatthereareoftenself-occlusionsby the
limbsof ahumanbody, andthis leadsto ambiguityin some
of theedges,asshown in Figure4. Herethefoundsilhou-
etteedgecouldbelongto theunoccludededge,or it could
belongto theoccludededgeasit becomesdisoccluded.All
foundsilhouetteedgelsarecomparedagainstthepredicted
model edgesof the other limbs, and if suchambiguity is
found,thenthecontribution of theedgelis diminishedand
sharedbetweenthe two hypothesizededges. If the found
edgellies a distanceda anddb from modeledgesa andb
respectively, thentheedgelcontributesto a'sequationwith
weight db

2(da + db ) .

4.5. Constraints
Whentrackingan objectwith a modelwith many degrees
of freedom,it is importantto introduceasmany constraints
aspossibleto limit theexplorationof falselocal minimain
anoptimizationformulation,andreducethesearchspacein
a problemformulatedasa search.DrummondandCipolla
[9] discussthe applicationof constraintsof the type of al-
lowablemotionin anarticulatedbody(e.g. hingeor slide).
In our implementationsuchconstraintsareenforcedsimply
by determiningwhich of the twist parametersareincluded
in the optimizationandwhich arenot. However a further
constraintcanbeappliedby limiting therangeof joint an-
glesto matchthosephysicallypossiblein a normalhuman,
suchas a kneebendingbackwardsbut not forwards. We
introducesuchjoint angleconstraintsby specifyingmaxi-
mumrotationsfor thejoints (independentlyfor eachof the
threeEulerangles)andaddingfurthertermsto theoptimiza-
tion problemto preventsolutionswheretheseareviolated.
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A penaltyproportionalto thesquareof theangleby which
a joint exceedsa limit is applied.

Naturallymuchmorecomplex constraintscanbecreated
with non-separableconstraintsonthe3D rotationof a joint;
therequirementthat thebodypartsdo not intersectonean-
otheror objectsin theenvironment(particularlytheground
plane). Further, for many typesof motion it is known that
the feetmustbe in contactwith thegroundplane,with no
motionrelative to it, andtheproblemcouldbefurthercon-
strainedby insistingon “typical” posesor motions[20,21]

4.6. Initialization

In theexperimentsconductedsofar, thebodymodelis ap-
proximatelyadjustedby hand to match the limb lengths
andposein the �rst frame of video. Alignment with the
centroidof the foregroundregionscan be usedto initial-
ize theoverallmodeltranslation,but moresophisticatedal-
gorithms[15] mustbe usedto initialize theposeandlimb
lengths,or multipledifferentposescanbehypothesizedand
tested.

5. Evaluation

To evaluatetheperformanceof our trackingalgorithm,we
have testedit on a publicly available dataset—theCMU
MoBo corpus[13] that wascreatedaspart of the Human
Identi�cation at a distanceproject. This databasepro-
vides 30fps video sequenceswith six simultaneouscali-
bratedviews of eachof 25 subjectswalking on a tread-
mill in each of four conditions (slow walk, fast walk,
carrying a ball, incline). A foreground segmentationis
provided with each frame of data, derived from an au-
tomatic backgroundsubtractionalgorithm. The database
is proposedfor the developmentof gait recognitionalgo-
rithms[16]. For theevaluationusedhere,we haveusedsix
subjects(04002,04006,04011,04022,04037,04068) in the
slowWalk and fastWalk conditions,with up to four
of theviews (vr03, vr05, vr07, vr13: camerapositionsare
shown in Figure5). We have down-sampledthe476� 640
to 288� 320.

To evaluatetheperformanceof a trackingalgorithm,we
needto de�ne oneor moreperformancecriteria. Previous
systemshave madedo with subjective evaluationby the
authorsof whethertracking works or not for a sequence,
andthequantityof datatreatedin previouswork hasbeen
verysmall.Whenmotioncapturedatais available[5] aEu-
clideandistancemeasurefor thelocationeachof thetracked
jointscanbeused,andcouldbesummedinto aglobalmea-
surefor thewholebody. Additional errormeasurescanbe
evaluatedusingotherparameterssuchasjoint angles.How-
ever, thepresenceof motioncaptureequipmenton thesub-
jectmayalsointerfere(or help)with thevisualtracking.

vr05

vr13

Treadmill motion

vr07

vr03

Person

Figure5: Theorientationsof thecamerasin a planview of
theCMU MoBo treadmillsetup.

5.1. Joint position error
For the CMU MoBo corpus,motion capturedata is not
available,so we have marked up several of the sequences
with thepositionsof certainjoints. In practicethemostin-
terestinginformationfor thisdatais thepositionof thefeet.
Further, �ducial pointson the feet areeasierto de�ne, so
foot positionshavebeenusedfor thisevaluation.Thepoints
thatwehavelabelled(in theoriginal468� 640images)are
theestimatedpositionof a point in thecentreof eachankle
joint. This is necessarilyapproximate,andthe errorsthat
wequoteincludesomecomponentdueto errorsin markup,
but therelativeperformanceof thealgorithmwith different
parametersshouldbe signi�cant. In the tablesbelow, we
show themeansquarederror in the foot positionaveraged
acrossbothfeetandall markedframes,andaveragedacross
al the views usedfor tracking. Eachsequenceconsistsof
340framesmarkedupat leastevery10 frames.

5.2. Silhouette�t error
In addition to the joint position error above, we propose
a simpler error measurefor preliminary evaluationof the
tracking system,which doesnot require manualground
truth datato begenerated.This errormeasure,ES , canbe
summedupastheclassi�cationerrorwhenusingthemodel
to determinewhich pixelsarepartof theobjectandwhich
arenot:

ES =
jj (SM nST ) [ (ST nSM )jj

jjST jj
; (12)

whereSM is the set of pixels classi�ed by the model as
being foreground,and ST is the set of pixels labelledas
foregroundin the groundtruth. In practiceno de�niti ve
ground truth labelling is available, but we use the back-
groundsubtractionmasksprovided with the CMU MoBo
dataasthoughthey werecorrectlabellings.Thiserrormea-
sureis necessarilyview-basedandwe evaluateit for each

5



cameraavailable. Resultsareaveragesacrossall framesin
all four views,regardlessof thenumberof viewsbeingused
for tracking.

It canbeseenthatES will below whenthesilhouetteof
themodelcloselymatchesthesilhouettein thebackground
subtractionlabelling. Sincewe usethis samesilhouettein
our �tting procedure,this could be considereda very arti-
�cial method,andit would clearlybeeasyto “cheat” with
a more generalmodel. However, given the very speci�c
natureof the model,we believe that ES providesa good
evaluationcriterion for initial studies.It doesnot penalize
poor trackingwithin thesilhouette,but suchpoor tracking
is penalizedin otherviews or in subsequentframeswhen
thesilhouettechanges.

6. Experiments
For evaluationof the tracking algorithms,we beganwith
a simple model with only six componentsand seven de-
greesof freedom. The componentsaretorso,head,thighs
andcalves,with only theglobaltranslation(x; y; z) andthe
forward-backwardrotationof kneeandhip joints wereal-
lowedto vary. Thesedegreesof freedomcapturetheprinci-
pal variationsof interestwhenrecognizinggait.

Table1 shows trackingperformancefor the algorithms
using two, threeor four views (cameras03 and 13, then
adding05 and07) for theslowWalk andfastWalk se-
quences.

Views Iterations Dataset Es Jointposition
(%) (pixels)

2 3* slowWalk 21.2 18.3
2 3 slowWalk 20.6 12.9
3 3 slowWalk 17.6 8.7
4 2 slowWalk 17.5 8.8
4 3 slowWalk 17.5 8.8
4 5 slowWalk 17.5 8.9
4 6y slowWalk 17.8 9.6
2 3* fastWalk 22.7 25.4
2 3 fastWalk 21.0 10.4
3 3 fastWalk 18.9 8.9
4 2 fastWalk 18.9 11.0
4 3 fastWalk 18.7 8.8
4 5 fastWalk 18.7 8.5

Table1: Performanceevaluationof thetrackingalgorithms.
Conditionsmarked * are without ambiguityde-weighting
of Section4.4,thatwith y usesonly a singlescale.

As thenumberof viewsincreases,it canbeseenthatthe
accuracy of the �t improves. Similarly it canbe seenthat
theprocessof de-weightingambiguousedgelsimprovesthe
accuracy, (with a 10%speedpenaltyinvolvedin searching

for theambiguity). Threeiterationsper scaleseemto suf-
�ce, but a multiscaleapproachis betterthan�tting at a sin-
gle resolution. The two performancemeasuresusedseem
to correlatewell, thoughthereis morediscriminationin the
scoresderived from the hand-labelleddatathan from the
silhouettematchscoreSE .

Table 2 shows the averageprocessingtime per frame
andindicatesthatwith two or threeviews the trackingcan
be carriedout in real time at the original framerateof 30
framesper second.While herewe arenot computingthe
backgroundmaskswhich would addsomeoverhead,there
areseveralimprovementsto thecodethatcouldbemadeto
reducethetimespresentedherewithout affectingtheaccu-
racy.

Views Iterations Time (ms)
2 3 31
3 3 38
4 2 33
4 3 44
4 5 62

Table2: Performanceevaluationof thetrackingalgorithms.
Times are averageprocessingtime per frame for a dual
2.8GHzPentium4 machine.“Iterations” is thenumberof
iterationsateachof two scales.

Figure 6 shows the degree of alignmentbetweenthe
model tracking and the ground truth, showing the x co-
ordinatefor both feet over onesequencethat wasground
truthedevery third frame. Qualitatively, the tracksfollow
the groundtruth closely, thoughthe peaksarenot ashigh
as in the groundtruth, probablybecausethe model limb
lengthsareincorrect.Thissubstantiatesourqualitativeeval-
uation that tracking is “correct” for all thesesequences—
while limitations in the modelmeanthat the �t is not per-
fect, thelimbs arecorrectlytrackedwithout thetracker los-
ing the subjector confusingleft andright legs. (Seesup-
portingvideosubmittedwith paper.)

7. Conclusions

In this paperwe have demonstrateda real-timemulti-view
articulatedhumanbody tracking systemthat tracks with
highaccuracy. Trackingperformancehasbeenevaluatedon
apublicly availabledataset,andwith objectiveperformance
criteria.

In thefutureweplanto extendourevaluationto moreof
theCMU MoBo datasetandto addautomaticinitialization,
togetherwith adaptationof limb dimensionsto theobserved
data.We will evaluatethetrackingof moredegreesof free-
domandwith morecomplex motions.
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Figure6: A graphof thex-coordinateof the left andright
feetasmarkedby handandastrackedautomatically. (sub-
ject04002,sideview vr03,slowWalk )
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