Real-time articulated human body tracking using silhouetteinformation
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Abstract

In this paperwedescribea systenfor visualtracking of the

limbs of a humanbody The systemusesa 3D computer
graphicsmodelof the human gur e and optimizesits pa-

rametesto t the person's silhouettein oneor more cam-
era views. Thesystemrincorporatesjoint angleconstaints

anda novel methodfor dealingwith ambiguousdges. The
systenoperatesin real-timeon multipleviewsandhasbeen
evaluatedonthe CMU MoBocorpuswith groundtruth data
andan automaticallyevaluatedperformanceametric.

1. Intr oduction

Thevisualunderstandingf humanactionsis a burgeoning
eld with awiderangeof applicationsfrom motioncapture
for the Im industry throughsurwillanceto humancom-
puterinteraction.In eachof theseareaghereis aneedo un-

derstandrom imageshow a humanbodyis moving. Many

previousapproacheto theseproblemshave constrainedhe
problemby eitherdisregardingthe articulationsof the hu-

manbody; treatingit asa unitary if protean,object[1]; or

treatingonly a singleaspecbf thebody, suchasheadpose,
facialexpressioror handgesturd?2].

A numberof applicationshowever, requirean approach
with much more detail than the former, while modelling
the whole body and parametrizinga wider range of mo-
tions than permitted by the more narronvly focusedsys-
tems. Suchapplicationsinclude human-computeinterac-
tion, motion-capturdor animationandbiomedicalapplica-
tions, andsunweillance. Clearly, someof thesetasksmight
bebettersolvedwith specialinstrumentatioror sensorsbut
the generalityof a purely visual solution,togetherwith its
potentialfor low-costdeploymenton standardeven exist-
ing, hardware;for applicationto legag/ visualmedia(video
indexing, sportsvideoannotation) andthedesirefor asolu-
tionwithoutintrusiveinstrumentationfor potentiallycovert
use,and which parallelshumanabilities togethermake a
computervision approactdesirable.

Sunwillance,a rapidly growing areaof computervision
researchwill continueto demandmoreandmoresophisti-
catedmodellingof peopleto progressrom trackingof in-
dividualsto understandingf peoples actionsandinterac-
tionswith objectsandotherpeople:Is this personshoplift-
ing? Is that persondrawing a weapon?Are thosepeople
shakinghandsRecentlytheHumanldenti cation ataDis-

tanceProjecthasalso spurredactivity in identifying indi-
vidualsby gait,thoughmary approachesxtractgenericsil-
houettefeatureswithout attemptingto track the articulated
motionof thebody[16].

In this paperwe proposea novel methodof trackingar-
ticulatedhumanbodiesin videodataandevaluateour algo-
rithms groundtruth for a standarddataset. The following
sectionreviews previous work in the eld. In Section3
we describeour modeland explain in Section4 how it is
usedto track video data. Section5 describeur approach
to performanceavaluationand Section6 describeghe ex-
perimentsthat have beenconductedo testthe algorithms
described.

2. Previous work

Several researcher$iave startedto tackle the problem of
articulatedbody tracking since early work by Hogg [14].
Gavrila [11] reviews work in this eld, thoughtherehas
beena growth of interestin recentyears. Becauseof
the compleity of the problemand the large quantitiesof
datainvolved,previouswork hasbeenlimited by computer
power. This hasalsomeantthatlittle evaluationhastaken
place,with performanceneasuredeinglimited to subjec-
tive evaluationandthe publicationof afew sampleframes.

2.1 Tracking with directmethods

Bregler andMalik [6, 7] describethetrackingof anarticu-
latedbodyby tting athree-dimensionahodelto multiple
views, usingthe direct methodsderived from the tracking
describedy Bergenetal. [4]. Themodelis usedto predict
themotionof eachpartof theimagein termsof thechanges
in the parameter®f the model, which is representedvith
exponentiattwistswhich we describen Section4.2. Given
aframel of dataattime t, whenthe modelis assumedo
becorrectly tting thepersonwith parameters,, anew im-
agerecevedattimet + 1, theold framecanbererendered
asit would appearfor a hypothesizedthange—_in the pa-
rameters.Their systemtries to minimize the least-squares
intensity error betweenthe new frame andthe warpedold
frameby solvingthenonlineareastsquareproblemsetup
by representinghe derivative of the brightnessconstanyg
equation:
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recastin termsof changesn the parameters.

Chamand Rehg[8] track a two-dimensionalgure in
monoculardata using a probabilistic model to estimate
the likelihood of a given parameterchangein a multi-
hypothesidgramework.

2.2 Fitting with edges

DrummondandCipolla[10] have useda similar modeland
optimizationframeawork to BreglerandMalik with a differ-

ent tracking method. They too have a computergraphics
model, conceved as a hierarchyof rigid partswith joints

representedsexponentialtwists, in this casewith eighteen
degreesof freedom. The solidsusedfor the body partsare
modelledasintersection®f pairsof quadrics.

The main differencewith the work of Bregler and Ma-
lik, is thatthe featuresusedfor tting the modelareedges
predictedn the model,which areforcedto conformto im-
agepointswith highintensitygradient.Fromthe computer
graphicsmodel, the locationsof body part edgesare pre-
dicted. Thesepredictededgesare sampledat regularinter
vals,andperpendiculato eachone,a searchis carriedout
to nd thelocal maximumin theimagegradient,which is
hypothesizedsthetruelocationof theedge.

Sincetherearemary feweredgefeatureghanimagepix-
els on the body, andsincethereis no imagewarpingstep,
this systemis ableto run in real time (25Hz) on a single
view.

Gavrila andDavis [12] useda computergraphicsmodel
basedon a 22-parametestick gure which was* eshed
out” with hand-craftecsuperquadridimbs. Thesemodels
weretracked automaticallyin four views (back, front, left
andright) by matchingthe edgesin the image(with back-
groundsubtractedjo the predictededgesof the modelus-
ing chamfermatching.Becausef the high dimensionality
of thesearclspaceit wasdecomposedith tting proceed-
ing by rst aligningthetorso,thenthelimbs. This systemis
alsoableto initialize themodelparametersvhenasequence
beginswith a posewith distinctive silhouette.

More recently Poon and Fleet [19] and Lee et al.
[15] have describedmethoddor tting anarticulatedbody
modelto videoof humanmotion,usingparticle Iltering ap-
proacheswhich sampleparticlesfrom posteriomprobability
distributionsacrosgparametespace Theformertrackedge
featuresn monocularsequencesyith handinitialization of
the models,but quoteprocessingimesof up to 7 minutes
perframe. Thelatter usethreeviews, tting their modelto
thesggmentedoregroundregionin each andhave designed
anautomatedsystemfor initializing the modelparameters.
Plaenlkersand Fua[18] usea combinationof edgeandre-
gioninformationto trackpeoplein stereadatawith amodel
basedn metaballs.

3. Model

The systemfor humanbody tracking that we have de-
veloped has a computergraphics model which consists
of a hierarchyof rigid partswhoserelative positionsare
parametrizedoy exponentialtwists [7]. The modelis of
variableresolutionallowing detailedmodellingwhenmore
informationis available (when part of the personis close
to the camera,in the eld of view of a telephotocamera,
or is visible to multiple cameras)nd of lower resolution
whenlessvisualinformationabouta body partis available,
or whenanapplicationrequiredessdetailedinformation.
Thethree-dimensionahodelusedconsistof ellipsoids
andgeneralizectylinders. Ellipsoids are parametrizedy
the lengthsof their three principle axes. The generalized
cylindersarethefrustaof elliptical cones parametrizedby
aheightandthelengthsof majorandminoraxesof theellip-
tical cross-sectiomt oneend,with arelative magni cation
appliedequallyin bothdimensionsatthefarend.

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

The body model hasup to fourteenrigid components:
torso,head,upper& lower arms,handsthighs,calvesand
feet. The headis the only componentor which an ellip-
soidis used.Figurel shovsthefourteen-componemhodel
in variousposes. In the experimentsdescribedhere, the
modelhasa restrictedsetof degreesof freedom,sufcient
to captureghemostsigni cant movementsn awalking per
son. The dimensionsare not allowed to vary, andonly a
restrictedsubsebf theangulartwist parameteraretracked.

4. Tracking

Thesystentracksarticulatednotionsusingthesequencef
processeshavnin gure 2 oneachnew frameof data.An
estimateof themodelparameterss derivedfrom theparam-
etersfor the previousframe. (In practicea constantangular
velocity modelhasnot beenfoundto be useful,sothe old
parametersre useddirectly asaninitial estimate.)Given
this model pose,in eachview, the occluding contoursof
thelimbs arecalculatedandcorrespondences thesecon-
toursare soughtin the silhouettefor that view, calculated
by backgroundsubtraction[3]. A new setof parameters
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Figure2: A schematioview of the operationgnvolvedin
parameteestimation.

is estimatedandthe processepeated.We apply the pro-
cedurein a course-to- nesearch(typically with two scales
separatedby a factorof two) to achieve fastercorvergence
over a larger searchspacewith several (typically three)it-
erationsateachscale.

4.1 Silhouettefeatures

Drummondand Cipolla [10] t the predictededgesin the
graphicaimodelto edgedoundin thevideoimage,masking
outedgesotonthepersorto betrackedwith abackground
subtractionprocedure.Herewe chooseto t the modelto
the more well-de ned silhouetteof the model, also calcu-
latedwith background-subtraction.

Themodelwith the currentposeparameterss projected
onto the imageplaneto nd the occludingcontourof the
model,asshavn in Figure3. The projectionsof the curved
sidesof eachbody partare alwaystracked, andindividual
bodypartsare agged if eitherendshouldbetracked. The
projectededgesare sampledat regular intervals (typically
every pixel) and within somewindow (typically 8 pixels
at ary givenscale)alonga normalat eachsamplepoint, a
silhouetteedge (a foreground-to-bakground transition)is
searchedor. Thisis shovnin Figure4.

While botharesubjectto failuresof backgroundubtrac-
tion, silhouetteedgeshave two advantage®verimagegra-
dientfeaturesn thattextureonthetrackedobjectcangener
atefalseedgesandthesignof thetransitionis known (fore-
groundto background)whereagheintensityedgecouldbe
light-to-darkor dark-to-light. Furthermoreghe normalonly
needsto be searchedn onedirection sinceif the sample
pointis in the foreground,the searchmustbe in the direc-
tion away from theobject,but if thesamplepointis already
onthebackgroundthe searchshouldbetowardsthe inside
of thelimb.

4.2 Twist representationof kinematic chain

Themodelis parametrizedisingthe exponentialtwist for-
mulation from the roboticsliterature[17] thatis usedby
Bregler andMalik [7] and Drummondand Cipolla [10] to
describethe poseof eachpart with respectto its “parent’
parts. We brie y review the derivation of image motions

Figure3: Theforegroundregionswith the predictedmodel
edgessuperimposetbr eachview.

from parametechangesn the twist representationEach
joint k in themodelis arevolutejoint aboutanaxis! , with
apointq ontheaxis. For arotation , thisis represented
with atwist
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This rotationhashomogeneoutransformatioreAk where:
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by revolute joints canbe representedby a productof such
transformationsA pointq, onjoint K is
!
% A
dc = eX Qo (5)

k=1
in the global coordinatesystemin which the chainis an-
chored. It canbe shavn [17] thatif the joints arerotating
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Figure4: A modeledge(full line) with one samplepoint
andits searchnormal and a found silhouetteedgel. The
occludednodeledge(dashedine) couldalsomatchagainst
this silhouetteedgel.

with angularvelocities 4 thenthevelocityin theglobalco-
ordinatesystemis:
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denotingtheadjoint(6  6) matrixof ahomogeneousans-
formation.

4.3 Fitting

Eachsilhouetteedgelfound by searchingalonga normal
givesahypothesizediisplacementdx; dy) for thepointq,
onthemodel’s occludingcontour In this formalism,track-
ing consistsof nding the setof parametechanges—_that
minimizesthe sum-squaredisplacement.Sincewe know

themodelpoint's position,Equation6 givesusthedisplace-
mentinducedby asetof parametechangesSeparatinghis
into x andy components:

Hx(X): = dx
Hy(X):— = dy: 9)

Combiningthe displacemenequations9 for all pixels,
we arrive at:

H:+d=0: (20)

Whenwe have multiple views, eachpixel in eachview con-
tributestwo rows to a single equationof this form. Equa-
tion 10is solvedby leastsquares:

= (H":H) 'H"«d (11)

Sincetheequationsarein factnonlineartheprocesss iter-
ated.

4.4. Ambiguousedges

It shouldbenotedthatthereareoftenself-occlusiondy the
limbs of ahumanbody, andthis leadsto ambiguityin some
of theedgesasshown in Figure4. Herethe found silhou-
ette edgecould belongto the unoccludededge,or it could
belongto the occludededgeasit becomeslisoccludedAll

foundsilhouetteedgelsare comparedagainstthe predicted
model edgesof the otherlimbs, and if suchambiguityis
found, thenthe contrikbution of the edgelis diminishedand
sharedbetweenthe two hypothesizeddges. If the found
edgellies a distanced, andd, from modeledgesa andb
respectrely, thenthe edgelcontributesto a's equationwith

weightz(da"iﬁdb).

4 5. Constraints

Whentrackingan objectwith a modelwith mary degrees
of freedom,it is importantto introduceasmary constraints
aspossibleto limit theexplorationof falselocal minimain
anoptimizationformulation,andreducethe searchspacen
a problemformulatedasa search.DrummondandCipolla
[9] discussthe applicationof constraintsof the type of al-
lowablemotionin anarticulatedbody (e.g. hingeor slide).
In ourimplementatiorsuchconstraintsareenforcedsimply
by determiningwhich of the twist parametersreincluded
in the optimizationandwhich are not. However a further
constraintcanbe appliedby limiting therangeof joint an-
glesto matchthosephysicallypossiblein a normalhuman,
suchas a kneebendingbackwardsbut not forwards. We
introducesuchjoint angleconstraintsdy specifyingmaxi-
mumrotationsfor thejoints (independentlfor eachof the
threeEuleranglesiandaddingfurthertermsto theoptimiza-
tion problemto preventsolutionswheretheseareviolated.



A penaltyproportionalto the squareof the angleby which
ajoint exceedsalimit is applied.
Naturallymuchmorecomplex constraint€anbecreated
with non-separableonstraint®nthe 3D rotationof ajoint;
therequirementhatthe body partsdo notintersectonean-
otheror objectsin theervironment(particularlytheground
plane). Further for mary typesof motionit is known that
the feetmustbe in contactwith the groundplane,with no
motionrelative to it, andthe problemcould be furthercon-
strainedby insistingon “typical” posesor motions[20,21]

4.6. Initialization

In the experimentsconductedsofar, the body modelis ap-
proximately adjustedby handto matchthe limb lengths
and posein the rst frame of video. Alignment with the
centroidof the foregroundregions can be usedto initial-

ize the overall modeltranslation but moresophisticatedl-
gorithms[15] mustbe usedto initialize the poseandlimb

lengths or multiple differentposescanbehypothesize@nd
tested.

5. Evaluation

To evaluatethe performanceof our trackingalgorithm,we
have testedit on a publicly available dataset—theCMU
MoBo corpus[13] that was createdas part of the Human
Identi cation at a distanceproject. This databasepro-
vides 30fps video sequencesvith 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 eachframe of data, derived from an au-
tomatic backgroundsubtractionalgorithm. The database
is proposedfor the developmentof gait recognitionalgo-
rithms[16]. For the evaluationusedhere,we have usedsix
subjects(04002,04006,08011,04022,04037,04068) in the
slowWalk andfastWalk conditions,with up to four
of the views (vr03, vr05, vr07, vr13: camergpositionsare
shawn in Figure5). We have down-sampledhe476 640
t0288 320

To evaluatethe performancef a trackingalgorithm,we
needto de ne oneor more performancecriteria. Previous
systemshave madedo with subjectve evaluationby the
authorsof whethertracking works or not for a sequence,
andthe quantity of datatreatedin previouswork hasbeen
very small. Whenmotioncapturedatais available[5] aEu-
clideandistancemeasurdor thelocationeachof thetracked
joints canbeused andcouldbe summednto aglobalmea-
surefor thewhole body. Additional errormeasureganbe
evaluatedusingotherparametersuchasjoint angles How-
ever, the presencef motion captureequipmenbn the sub-
jectmayalsointerfere(or help)with thevisualtracking.

/ vrl3

Person

P @
vro7

Treadmill motion

/ vro5 T vro3

Figure5: The orientationsof the camerasn aplanview of
the CMU MoBo treadmillsetup.

5.1 Joint position error

For the CMU MoBo corpus, motion capturedatais not
available, so we have marked up several of the sequences
with the positionsof certainjoints. In practicethe mostin-
terestingnformationfor this datais the positionof thefeet.
Further ducial pointson the feetareeasierto de ne, so
foot positionshave beenusedfor thisevaluation.Thepoints
thatwe havelabelled(in theoriginal468 640imageskre
the estimatedgositionof a pointin the centreof eachankle
joint. This is necessarilyapproximate and the errorsthat
we quoteincludesomecomponentueto errorsin markup,
but therelative performancef the algorithmwith different
parametershouldbe signi cant. In the tablesbelov, we
shav the meansquarecerrorin the foot positionaveraged
acrosdothfeetandall markedframes andaveragedacross
al the views usedfor tracking. Eachsequenceonsistsof
340framesmarkedup atleastevery 10 frames.

5.2 Silhouette t error

In addition to the joint position error above, we propose
a simpler error measureor preliminary evaluationof the

tracking system,which doesnot require manualground
truth datato be generatedThis errormeasureEs, canbe

summedup astheclassi cationerrorwhenusingthemodel
to determinewhich pixelsare part of the objectandwhich

arenot:

i(SmnSt) [ (SrnSw)jj.

E )Lt : 12
S iiSTii (12)

where Sy, is the setof pixels classi ed by the model as
being foreground,and St is the set of pixels labelledas
foregroundin the groundtruth. In practiceno de nitive
groundtruth labelling is available, but we use the back-
groundsubtractionmasksprovided with the CMU MoBo
dataasthoughthey werecorrectlabellings.This errormea-
sureis necessarilyiew-basedandwe evaluateit for each



cameraavailable. Resultsare averagesacrossall framesin
all four views, regardlesof thenumberof views beingused
for tracking.

It canbeseenthatE s will below whenthesilhouetteof
themodelcloselymatcheghe silhouettein the background
subtractionabelling. Sincewe usethis samesilhouettein
our tting procedurethis could be considereda very arti-

cial method,andit would clearly be easyto “cheat” with

a more generalmodel. However, given the very speci ¢

natureof the model, we believe that Es providesa good
evaluationcriterionfor initial studies.It doesnot penalize
poor trackingwithin the silhouette but suchpoor tracking
is penalizedin otherviews or in subsequenframeswhen
thesilhouettechanges.

6. Experiments

For evaluationof the tracking algorithms,we began with
a simple model with only six componentsand seven de-
greesof freedom. The componentsaretorso, head,thighs
andcalves,with only theglobaltranslation(x; y; z) andthe
forward-backvard rotation of kneeand hip joints wereal-
lowedto vary. Thesedegreesof freedomcapturethe princi-
pal variationsof interestwhenrecognizinggait.

Table 1 shaws tracking performanceor the algorithms
using two, threeor four views (cameras03 and 13, then
adding05 and07) for theslowWalk andfastWalk se-
guences.

Views | Iterations| Dataset Es | Jointposition
(%) (pixels)

2 3* slowWalk | 21.2 18.3
2 3 slowwWalk | 20.6 12.9
3 3 slowwWalk | 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 21.0 104
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

Tablel: Performancevaluationof thetrackingalgorithms.
Conditionsmarked * are without ambiguity de-weighting
of Section4.4,thatwith y usesonly a singlescale.

As thenumberof viewsincreasesit canbeseerthatthe
accurag of the t improves. Similarly it canbe seenthat
theproces®f de-weightingambiguousdgelasmprovesthe
accurag, (with a 10% speedpenaltyinvolvedin searching

for the ambiguity). Threeiterationsper scaleseemto suf-
ce, but amultiscaleapproachs betterthan tting atasin-
gle resolution. The two performanceaneasuresisedseem
to correlatewell, thoughthereis morediscriminationin the
scoresderived from the hand-labelleddatathan from the
silhouettematchscoreSg .

Table 2 shaws the averageprocessingime per frame
andindicatesthatwith two or threeviews the trackingcan
be carriedout in realtime at the original framerate of 30
framesper second. While herewe are not computingthe
backgroundmaskswhich would addsomeoverheadthere
areseveralimprovementdo the codethatcouldbe madeto
reducethe timespresentedherewithout affectingthe accu-

ragy.

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

Table2: Performancevaluationof thetrackingalgorithms.
Times are averageprocessingiime per frame for a dual
2.8GHzPentium4 machine.“Iterations” is the numberof
iterationsat eachof two scales.

Figure 6 shavs the degree of alignmentbetweenthe
model tracking and the groundtruth, shaving the x co-
ordinatefor both feet over one sequencehat was ground
truthedevery third frame. Qualitatively, the tracksfollow
the groundtruth closely thoughthe peaksare not as high
asin the groundtruth, probably because¢he model limb
lengthsareincorrect.This substantiatesur qualitative eval-
uationthat trackingis “correct” for all thesesequences—
while limitations in the modelmeanthatthe t is not per
fect, thelimbs arecorrectlytrackedwithout the tracker los-
ing the subjector confusingleft andright legs. (Seesup-
portingvideo submittedwith paper)

7. Conclusions

In this paperwe have demonstratee real-timemulti-view
articulatedhuman body tracking systemthat tracks with
highaccurag. Trackingperformancdasbeenevaluatedon
apublicly availabledatasetandwith objective performance
criteria.

In thefuturewe planto extendour evaluationto moreof
the CMU MoBo datasetindto addautomatidnitialization,
togethemith adaptatiorof limb dimensiongo theobsened
data.We will evaluatethetrackingof moredegreesof free-
domandwith morecomplex motions.
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