
Strik ea Pose:Tracking Peopleby Finding StylizedPoses

DevaRamanan1 andD. A. Forsyth1 andAndrew Zisserman2
1Universityof California,Berkeley – Berkeley, CA 94720

2Universityof Oxford– Oxford,OX1 4AJ,UK
f ramanan,daf g@cs.berkeley.edu, az@robots.ox.ac.uk

Abstract
We developan algorithm for finding and kinematically

tracking multiple peoplein long sequences.Our basicas-
sumptionis that peopletend to take on certain canonical
poses,evenwhenperformingunusualactivitieslike throw-
ing a baseballor figureskating. Webuild a persondetector
that quite accurately detectsand localizeslimbs of people
in lateral walking poses.We usethe estimatedlimbs from
a detectionto build a discriminativeappearancemodel;we
assumethefeaturesthat discriminatea figure in oneframe
will discriminatethefigure in otherframes.Wethenusethe
modelsaslimb detectors in a pictorial structureframework,
detectingfiguresin unrestrictedposesin bothpreviousand
successiveframes.We haverun our tracker on hundredsof
thousandsof frames,andpresentandapplya methodology
for evaluatingtracking on such a large scale. We testour
tracker on real sequencesincluding a feature-lengthfilm,
an hour of footage from a public park, and varioussports
sequences.We find that we can quite accurately automat-
ically find and track multiple peopleinteracting with each
otherwhileperformingfastandunusualmotions.

1. Intr oduction

Kinematically trackingpeopleis a taskof obvious im-
portance;peoplearequiteconcernedaboutwhatotherpeo-
ple aredoing. Large-scale,accurate,andautomatickine-
matic trackingwould allow for datamining of surveillance
video,studiesof humanbehavior andbulk motioncapture.
No currentsystemsarecapableof kinematictrackingon a
large scale;mostdemonstrateresultson merehundredsof
frames.We developanalgorithmthat is accurateandauto-
matic,allowing us to evaluateresultson over onehundred
thousandframes.

The literatureon humantrackingis too large to review
in detail. Trackingpeopleis difficult, becausepeoplecan
move very fast and configurethemselves in many differ-
ent poses. One can use the configurationin the current
frameanda dynamicmodel to predict the next configura-
tion; thesepredictionscanthenberefinedusingimagedata

(see,for example,[2, 7, 17]). Particle filtering usesmulti-
ple predictions± obtainedby runningsamplesof theprior
througha model of the dynamics± which are refined by
comparingthemwith the local imagedata(the likelihood)
(see,for example[2, 9, 19]). The prior is typically quite
diffuse(becausemotioncanbefast)but thelikelihoodfunc-
tion maybevery peaky, containingmultiple local maxima
which arehardto accountfor in detail. For example,if an
armswingspastan“arm-like” pole,thecorrectlocal maxi-
mummustbefoundto preventthetrackfrom drifting. An-
nealingthe particlefilter [5] or performinglocal searches
[21] arewaysto attackthis difficulty. An alternative is to
applya strongmodelof dynamics[19]; typically onemust
choosethismodela priori , but methodsfor onlineselection
exist [1].

An alternative is to ignoredynamicsandfind peoplein
eachframe independently, using such cuesas local mo-
tion [22] or appearance[8, 13, 23] or both [25]. This ap-
proachis attractive becauseit self-startsand is robust to
drift (sinceit essentiallyre-initializesitself at eachframe).
In general,detectingpeopleis hard becausepeoplewear
differentclothesandcantake on many poses;this suggests
a bottom-upapproachusingpart detectors[10, 12, 14, 18,
20]. Approachescombiningdetectionand tracking have
alsoprovenuseful[11, 15].

2. Generalapproach

Wefollow theapproachof [16], whichusesthefactthat
peopletend not to changeappearanceover a track. The
authorsfirst (a) clustercandidatelimbs detectedin a set
of framesto learn appearancemodelsfor eachlimb and
then(b) track by detectingthe appearancemodelsin each
frame.Theclusteringsteponly worksfor sequenceswhere
limbs arereliably found by low-level detectorsandwhere
limbs look differentfrom thebackground.If thealgorithm
producesbadclusters,theresultingappearancemodelswill
producepoortracks.

We observe thattheinitial setof detectorsarenot trying
to detectbut ratherlearnappearance.This is an important
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Figure1. Our lateral-walking posefinder. Givenan edge image on the left, we search for a treepictorial structure [6] usingrectangle
chamfertemplatecoststo constructlimb likelihoods.We restrict limbsto bepositionedandorientedwithin boundedintervalsconsistent
with walkingleft. We setthesebounds(designatedby thearcsoverlaid on themodel)by hand.We alsosearch a mirror-�ipped versionof
theimage to find peoplewalkingright. To enforceglobalconstraints(left andright legsshouldlooksimilar), wesamplefromthepictorial
structureposterior(usingtheefficientmethodof [6]), andre-computea globalscorefor thesampledconfigurations.Thebestconfiguration
is shownontheright . In general, thisprocedurealsofindswalkingposesin texturedbackgrounds;to pruneawaysuch falsedetections,we
re-evaluatethescore by computingthegoodnessof a segmentationinto person/non-personpixels. We do this by building an appearance
modelfor each limb (as in Fig.2) and thenusethe modelto classifypixelsfrom this image. We definethe �nal costof a walking-pose
detectionto bethenumberof mis-classifiedpixels.
distinctionbecausetypically onewantsdetectorswith high
precisionandrecall performance.In our case,we want a
persondetectorwith ratheruniqueproperties:(a) it must
accuratelylocalize limbs (sincewe will usethe estimated
limbs to build appearancemodels)and (b) it shouldhave
high precision(we want mostdetectionsto be of people).
Given both,we cantoleratea low recall ratesincewe can
usethelearnedappearancemodelsto find the�gure in those
frameswherethedetectorfailed.

We build a persondetectorthat only detectspeoplein
typical poses. Even though the detectorwill not fire on
atypicalposes,we canusetheappearancelearnedfrom the
standardposesto track in thoseatypical frames. This no-
tion of opportunisticdetectionstatesthat we can choose
thoseposeswe want to detect. This way we concentrate
our efforts on easyposesratherthanexpendingconsider-
ableeffort ondifficult ones.Convenientposesareonesthat
are(a)easyto detectand(b) easyto learnappearancefrom.
For example,considera personwalking in a lateraldirec-
tion; their legs form a distinctive scissorpatternthat one
tendsnot to find in backgrounds.The sameposeis also
fairly easyto learnappearancefrom sincethereis little self-
occlusion;both the legsandarmsareswingingaway from
the body. Following our observations,we build a single-
framepeopledetectorthatfindspeoplein themid-stanceof
a lateral-walk.

Oncewe have detecteda lateral-walking posewith our
detector(Sec.3),webuild adiscriminativemodelof appear-
anceof eachlimb (Sec.4).Weassumethefeaturesthathelp
discriminatethefigure in oneframewill helpdetectthefig-
ure in other frames. We finally track by detectingthe ap-
pearancemodelin otherframeswherethe figure canbe in
any pose(Sec.5).We developandapplya methodologyfor
evaluatingdataona largescalein Sec.6.

3 DetectingLateral Walking Poses
An overview of our approachto people detectionis

foundin Fig.1. We will usea sequencefrom thefilm 'Run
Lola Run' asour runningexample(punintended).Our ba-

sic representationis a tree pictorial structurethat decom-
posesa personmodel into a shapemodelandappearance
model[6, 8, 16]. If we write theconfigurationof a limb as
Pi = [x; y; � ], we canwrite theposteriorconfigurationfor
apersongivenanimageas

Pr(P1 : : : Pn jI m) /
Y

( i;j )2 E

Pr(Pi jPj )
nY

i =1

Pr( I m(Pi ))

(1)
wherei rangesover setof limbs (head,torso,upper/lower
arm, and left/right upper/lower legs) and E is the set of
edgesthatdefinesthetreestructure.Pr(Pi jPj ) is theshape
model,andPr( I m(Pi )) is thelocal imagelikelihoodgiven
the limb appearancemodel. We searchfor only one arm
sincewe assumethe otherwill be occludedin our lateral
walkingpose.Whenconvenientwereferto thetermsabove
ascostsratherthanprobabilities(implying we arein nega-
tive log space).

Pr (P i jP j ) : We manuallysetour kinematicshapepo-
tentials to be uniform within a boundedrangeconsistent
with walking laterally(Fig.1). For example,we force� for
ourupperlegsto bebetween45and15degreeswith respect
to thetorsoaxis. We do not allow themto be0 degreesbe-
causewe want to detectpeoplein a distinctive scissor-leg
pattern.Learningthesepotentialsautomaticallyfrom data
is interestingfuturework.

Pr ( I m (P i )) : We evaluatethe local imagelikelihood
with a chamfertemplateedgemask[24]. We userectan-
gles as our edgetemplates(Fig.1). Given an image, the
chamfercostof a edgetemplateis theaveragedistancebe-
tweeneachedgein the templateand the closestedgein
the image. We computethis efficiently by convolving the
distance-transformededgeimagewith the edgetemplate.
To exploit edgeorientationcues,we quantizeedgepixels
into oneof 12 orientations,andcomputethe chamfercost
separatelyfor eachorientation(andaddthecoststogether).
To capturethedeformationsfrom Fig.1,we convolve using
rotatedversionsof our templates.We assumethe figure is
ata �x edscale,andassuchdonotsearchover scale.
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Figure2. An overview of our approach; givena videosequence, werun a single-scalewalkingposedetectoron each frame. Our detector
fails on thesmallscalefigure andtheon a-typicalpose, but correctlydetectsthewalkingpose(left). Giventheestimatedlimb positions
fromthatdetection,welearna quadratic logisticregressionclassifierfor each limb in RGBspace, usingthemaskedlimb pixelsaspositives
andall non-personpixelsasnegatives.In themiddle left, weshowthelearneddecisionboundaryfor thetorsoandcrudelyvisualizethe
remaininglimb classifiers with a gaussianfit to thepositivepixels. Notethevisualmodelsappearto bepoor; manymodelslook like the
backgroundbecausesomeof thelimb pixelshappento bein shadow. Theclassifiers are successfulpreciselybecausethey learn to ignore
thesepixels(sincethey do not helpdiscriminatebetweenpositiveandnegativeexamples).We thenrun theclassifiers on all framesfrom
a sequenceto obtain limb maskson themiddle right (weshowpixelsfromthethird frameclassifiedastorso, lower arm, lower leg, and
head). We thensearch thesemasksfor candidatelimbs arranged in a pictorial structure (searching over general posedeformationsat
multiplescales)[6]. Thisyieldstherecoveredconfigurationson theright . Weshowadditionalframesin Fig.4

Since we use our lateral-walking detectorin a high-
precision/low-recall regime,we needto only look at those
configurationswhereall the limbs have high likelihoods.
Beforeevaluatingthekinematicpotentials,weperformnon-
maximumsuppressionon the chamferlikelihoodresponse
functions(andonly keepcandidatelimbsabovealikelihood
threshold).Wealsothrow awayarmcandidatesthatarever-
tical or horizontal(sincetheretendsto bemany verticaland
horizontal rectanglesin imagesof man-madestructures).
This is again justified for high-precision/low-recall detec-
tion; even thoughthearmof a personmay in factbehori-
zontalor vertical,we choosenot to learntheir appearance
in this pose,sincewe would encountermany falsepositive
detections(andbuild incorrectappearancemodels).

Global constraints: Wefoundit usefultoenforceglobal
constraintsin ourpersonmodel.For example,left andright
legs tendto besimilar in appearance.Also, our kinematic
leg potentialsstill allow for overlapif the left leg happens
to be translatedover onto the right leg. Insteadof find-
ing the MAP estimateof Eq.1,we generatesamplesfrom
theposterior(usingtheefficient methodof [6]), andthrow
away thosesamplesthatviolateour globalconstraints.We
generate2000samplesper image. To find con�gurations
wherethe left andright legs look similar, we addthe dis-
parity in leg appearance(asmeasureby theL 2 distancebe-

tweencolor histograms)to the negative log probability of
the sampledconfiguration. To force left andright legs to
be far apart,we discardsampleswhereleg endpointsare
within a distanced of eachother, whered is the width of
thetorso.We finally keepthesamplewith thelowestcost.

Segmentationscore: Given an imagewith a laterally
walking person,theprocedureabove tendsto correctlylo-
calizethe limbs of thefigure. But it doesnot performwell
asapeopledetector;it fireshappilyontexturedregions.We
addaregion-basedcueto thedetectionscore.Wecaninter-
prettherecoveredfigure asa proposedsegmentationof the
image(into person/non-personpixels), anddirectly evalu-
atethesegmentation[14] asthefinal detectioncost.Rather
thanusea standardsegmentationmeasure,we adopta sim-
plerapproach.

We build classifiers(in RGB space)for eachlimb, as
describedin Sec.4. For eachlimb classifier, we createa
testpoolof limb pixels(from insidethecorrespondinglimb
mask)andbackgroundpixels (from identically-sizedrect-
angles�anking bothsidesof the true limb). We thenclas-
sify theall testpixels,anddefinethecostof thesegmenta-
tion to bethetotalnumberof misclassifiedpixels.Notethis
strategy wouldnotwork if weusedclassifierswith highVC
dimension(anearestneighborclassifieralwaysreturns0 er-
rorswhentrainingandtestingonthesamedata).Restricting



Figure3. We showtracking resultsfor a sequencewith large changesin the background. On the left, we showthe frameon which our
walkingposedetectorfired.By learningdiscriminativelimb appearancemodelsfromthatsingleframe, wearestill ableto track thefigure
whenthebackgroundchanges(right ). Thissuggeststhatour logistic regressionmodelis quitegeneralizable.
ourselvesto anear-linearclassifier(suchasquadraticlogis-
tic regression)seemsto addressthis issue. We threshold
this final segmentationscoreto obtaingoodstylized-pose
detections.

4. Discriminati veAppearanceModels
Sinceour persondetectorlocalizesa completeperson

in a singleframe,we know both thepersonpixels and the
non-personpixels. This suggestswe canbuild a discrimi-
nativemodelof appearance.Weassumeeachlimb is (more
or less)constantcolored,andtrain a quadraticlogistic re-
gressionclassifier. We useall pixels inside the estimated
limb rectangleas positives, and useall non-personpixels
(not insideany limb mask)asnegatives. Our appearance
modelfor eachlimb is a quadraticsurfacethatsplitsRGB
spaceinto limb/non-limb pixels (Fig.2). Recallour setof
limbs are the head,torso, upper/lower arm, and left/right
upper/lower leg. We fit onemodelfor the upperleg using
examplesfrom both left andright limbs (andsimilarly for
the lower leg). We find our appearancemodelsto bequite
generalizable(Fig.3).

5. Tracking asModel Detection
Wetrackby detectingthelimb appearancemodels(built

from Sec.4)in other frames(both prior to and after the
walking posedetection).We usethe samepictorial struc-
ture framework asSec.3,but usetheappearancemodelto
computetheimage likelihoodPr( I m(Pi )) (asopposedto a
chamferedgetemplate).Wescorethelikelihoodthata limb
is at given configurationby countingthe numberof mis-
classifiedpixels for thatconfiguration.For example,given
a torso rectangleat a certainpositionandorientation,we
countthe numberof non-torsopixels insidethat rectangle
andthenumberof torsopixelsinsiderectangles�anking ei-
therside.To computethisscore,wefirst classifyeachpixel
to obtaina limb mask(Fig.2). We thenperformtwo convo-
lutionswith rectangularmasks;oneto computethenumber
of limb pixels misclassifiedasbackgroundandanotherto
computethenumberof backgroundpixelsmisclassifiedas
limb (andaddthe2 togetherappropriately).

Wefind theMAP estimateof Eq.1by dynamicprogram-
ming (working in log spacefor convenience).With our im-

provedimagelikelihoods,we no longerneedto restrictour
shapepotentialsto lateral walking poses;we enlarge the
interval boundsfor our shapemodel to respectreasonable
joint limits. However, this introducesa difficulty; theesti-
matedleft andright legstendto overlap,sincethey areboth
attractedto regionswith high likelihood.A relatedproblem
is thatin someposesarmsandlegsareoccluded.

Occlusion: We musttake careto prevent the estimated
configuration to be drawn toward an awkward/incorrect
posejust to minimize the imagelikelihoodof an occluded
limb. Ratherthanbuilding anexplicit modelof occlusion,
we foundthefollowing simplestrategy to beeffective. We
observe that in almostall poses,the head,torso,andone
upper/lower leg is visible. We createa pictorial structure
modeljustwith theselimbs,anddirectly find theMAP esti-
mate.This tendsto resultin goodlocalizations(evenwhen
anarmoccludesmuchof thetorso)becauseof thequalityof
our limb masksandlikelihoods.We searchfor theremain-
ing limbs (again using the pictorial structureframework)
holding the torso fixed at the estimatedlocation. When
searchingfor a new leg, we maskout thealready-estimated
leg from thenew leg mask;this preventsthe left andright
leg from lying on the sameimageregion. The sameap-
proachcanbeusedfor estimatingleft/right arms.Wefinally
disregard thoselimbs that fall below a detectionthreshold.
Weshow resultsfor our runningexamplein Fig.4.

Multiple People: In general,we mustaccountfor mul-
tiple peoplein a video. Givena setof walking-posedetec-
tionsfrom acrossthevideo,weneedto automaticallyestab-
lish thenumberof differentpeoplethatareactuallypresent.
For eachdetection,welearnagenerativeappearancemodel
(by fitting a gaussianin RGB spacefor eachlimb). This
returnsa vectorof RGB values. We clusterthesevectors
to obtain setsof peoplemodelswith similar appearance.
Weusethemean-shiftclusteringproceduresincewedonot
know the numberof peoplein a video a priori [4]. After
obtainingclustersof similar lookingpeople,weusepositive
andnegative examplesfrom acrossthe clusterwhentrain-
ing the logistic regressionfor eachlimb appearance.We
thenusethesepeoplemodelsasdescribedin the next two
paragraphs.

Multiple instances: If a videohasmultiple peoplethat
look similar, walking-posedetectionsfor different people



Figure4. A sequencefrom`Lola' of Lola runningaroundcornerandbumpinginto a characterwhile undergoingextremescalechanges.
Notethecharacteris wearingbulky clothingandsoour persondetectorhasno hopeof finding him. Our initial walkingdetectoris run at
a singlescale;oncewelearn an appearancemodel(asshownin Fig.2), wetrack over multiplescalesby searching an image pyramidat
each frame.
might clustertogether(considera videoof a soccerteam).
In this case,when searchingfor peopleusing an appear-
ancemodel,we might needto instancethatmodelmultiple
timesin a singleframe.We do this by first �nding thebest
matchingpictorial structure,as describedpreviously. We
thenmaskaway thosepixels coveredby all the estimated
limbs, andfind thebestmatchin theremainingpixels,and
repeatagain. We repeatuntil the posteriorfalls below a
threshold.

In general,we will have multiple appearancemodels,
eachpossibly instancedmultiple times. For eachmodel,
we independentlyfind all instancesof it in a frame. Many
modelswill competeto explainthesameor overlappingim-
ageregions. We usea simplegreedyassignment;we first
assignthebest-scoringinstanceto the imagepixels it cov-
ers.For all theremaininginstancesthatdo not overlap,we
find thebest-scoringone,assignit, andrepeat.

6. Results

We have run our tracker on hundredsof thousandsof
frames. Our datasetincludesthe featurelengthfilm `Run
Lola Run', an hour of footageof a local park, and long
sequencesof sportsfootage. This presentsan interesting
challengein evaluatingour system;we cannotmarkup ev-
ery frame. Our systemconsistsof 2 maincomponents;(a)
werunastylizedposedetectorin eachframeto find people
andthen(b) usethe learnedappearancefrom thedetection
to find peoplein otherframes.Weevaluateeachcomponent
separately.

Lateral-Walking PoseDetection: Evaluatingourwalk-
ing posedetectoris a difficult taskby itself. Labelingfalse
positives is straightforward; if the detectorfinds a person
in the background,that is incorrect. But labeling missed

detectionsis difficult becauseour detectoris not trying to
detectall people;only peoplein certainconfigurations.

In the caseof `Lola', we can exploit shots(sequences
wherethe camerais filming continuously)in our evalua-
tion. We label eachshot (as determinedby a histogram-
basedshotdetector)ascontaininga full-body figure or not.
We definethescoreof a shotto bethebestscorefrom our
walking detectoron its setof frames;the implicit assump-
tion is thatif ashotcontainsaperson,ourwalkingposede-
tectorwill fire at somepoint. In Fig.5,we show precision-
recall curvesfor the taskof detectingshotswith full-body
figuresusingour walking detector. We do quitereasonably
at high-precision/low-recall regionsof the graph,andsig-
nificantly betterthanchance.We show detectionsreturned
by ourdetectorfrom the`Lola' framesin Fig. 9.

For theparksequence,therearenonaturalshots,making
recall measurementsawkward to define. Sincethis video
containsmultiple people(many of which look similar), we
clusterthe appearancemodelsto obtaina setof different-
lookingpeoplemodels,andthenusethemto searchtheen-
tire video. In this case,we would like to selecta detector
thresholdfor our walking detectorwheremost of the ac-
cepteddetectionsarecorrectandwestill acceptenoughdif-
ferentlooking modelsto capturemostpeoplein thevideo.
As such,we plot precisionversusnumberof appearance
modelclustersspannedby theaccepteddetectionsin Fig.6.
We do quite reasonably;we canfind mostof the different
looking peoplein the video while still maintainingabout
50%precision.In otherwords,if ourappearancemodelde-
tectionwasperfectandwe werewilling to dealwith 50%
of the tracksbeing junk, we could track all the peoplein
the video. We show the top 5 detectionsreturnedby our
walkingdetectorin Fig.10.

We look at the ability of our detector to find peo-
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Figure5. Precisionrecall curvesfor our walkingposedetectoron
shotsfrom `Lola'. At low-recall, high-precisionregions,our de-
tectorperformsquitewell. Manyrunningshotsof `Lola' showher
runningtoward or awayfromthecamera, for which our detector
doesnot fire. If weusethemodellearnedfromoneshotacrossthe
wholevideo,wewouldexpectto do significantlybetter(sincethe
central figureneverchangesclothes!)
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Figure6.Precisioncurvesfor our walkingposedetectoron30000
framesfromtheparksequence. Wedefineacorrectdetectiontooc-
cur whenall the limbsare correctly localized.Recallis awkward
to definesinceweare not trying to detectpeoplein every frame;
ratherwewant to fire at leastonceon different lookingpeoplein
thesequence. Weobtaina setof modelsof differentlookingpeople
byclusteringthecorrectdetectionsof our walkingdetector(which
wevalidateby hand). For a givendetectorthreshold,wecanex-
plicitly calculateprecision(how manyof the reporteddetections
arecorrect)andthenumberof differentmodelsspannedbycorrect
detections.Aswelower thethreshold,wespanmoremodels.
ple performingunusualactivities in Fig.13. Perhapssur-
prisingly, we are able to find frameswhere our detector
fires. This meansour algorithmis capableof trackinglong
and challengingsportsfootage,wherepeopleare moving
fast and taking on extremeposes. We show resultson a
baseballpitch from the 2002 World Seriesand Michelle
Kwan's medalwinning performancefrom the1998Winter
Olympics.

Appearancemodel detection: In the secondphaseof
our algorithm, we track by detectingthe learnedappear-
ancemodelsin eachframe.Sinceweareimplementingour
tracker asa detector, we evaluatethefinal trackby looking
at precisionandrecall rates. For `Lola', we evaluateper-
formanceon two shots(shown in Fig.3 and Fig.4) where
the walking detectorcorrectly fired. Our algorithmlearns
modelsfrom the single detectedframe, and usesthem to
detectconfigurationsin otherframesof theshot.For a ran-
dom setof 100 framesfrom eachshot,we manuallymark
correctdetectionsof the torso,arm and leg. We definea
correcttorsodetectionto occurwhenthe majority of pix-
elscoveredby theestimatedtorsocanbelabeledasa torso.
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Figure7. `Lola' precision/recall curvesfor limb detectionin the
appearancemodel-basedpersondetector. Wemanuallymarkcor-
rect torsos,arms,and legs, for shotswhere our walkingdetector
correctly fired. Each limb has its own segmentationscore, ob-
tainedfrom its correspondinglogistic regressionlimb mask. We
thresholdthescore to obtaintheabovecurves.We do almostper-
fect torsoandleg detection,andnearperfectarm detection.This
is becausethecentral characteris visuallydistinctive, andthat the
discriminativeappearancemodelcapturesthis fact.
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Figure8.Precision/recallcurvesfor limb detectionfor theparkse-
quence, usingthesameprocedure asFig.7. Our torsodetectionis
quitegood,but our arm detectionis poor becausearmsare small
and fast, makingthemhard to detect. Our performanceis good
consideringthedifficulty of this dataset;thevideohasweakcolor
quality, there are strong shadoweffects,and manysmall figures
are interacting, performingquick motions.

We definea correctarm detectionto occurwhenmostof
the pixels masked by the estimatedlower arm can be la-
beledas an upperor lower arm (and likewise for leg de-
tections).For thearmandleg scoring,we only look at the
first armandleg found(from thetwo-stepMAP estimation
proceduredescribedin Sec.5). We generatethe final pre-
cision/recallcurvesby thresholdingthesegmentationscore
for the torso, lower arm, andlower leg limbs. Looking at
Fig.7, we do extremelywell; torsosandlegs arefound al-
mostperfectly, with quitegoodperformanceon thearmsas
well. Theseresultsimply that if thewalking posedetector
performsideally, thanwe cantrack with nearperfectaccu-
racy. These(startlingly) goodresultsarereally an artifact
of theway films arephotographed;charactersareoften in-
tentionallydressedto be visually distinctive. A wonderful
exampleis Lola's hair (Fig.3); onceour headmodellearns
to look for somethingred,it is essentiallyimpossiblefor it
to loosetrack(sincethereis nothingredin thebackground).

Weuseasimilarcriteriafor 200randomframesfrom the
parksequencein Fig.8. Here,weconsidera detectionto be
correctif it firesonany personin theimage;wedonot look
for consistency of detectionsfrom one frame to the next.
Sincemany peoplein the sequencelook like eachother,
we needadditionalconstraintsto pull out individual tracks
(suchasmotion).Ourresultsarealsogood,thoughnotnear
the performancewe achieve on `Lola'. We do quite well



Figure9. Thetop detectionsfor our walkingposedetectoron 30000framesfrom`Lola'. On theleft, weshowthetop 3 correctdetections
(at positions1, 9, and13 in a rankedlist). Ontheright , weshowthetop2 falsepositives(at positions2 and3). Eventhoughin thesecond
correct detection,oneleg is incorrectly localized,we still learn the correct appearancemodelsincewe useboth leg masksto train the
logistic regressionclassifier.
at detectingtorsos,with about90% accuracy, while arms
arestill difficult becausethey aresmallandmove fast.This
datais hardfor many reasons;thevideois washedout,there
aresignificantshadow effects,therearemany smallpeople
interactingwith eachother(Fig.12).

We obtain quite good results(similar to Lola) for the
sportsequencesfrom Fig.13, thoughwe omit quantitative
evaluationfor lack of space. The observation that movie
charactersarevisuallydistinctiveappliesto athletesaswell;
teamstendto wearuniformsthatarenot thesamecolor as
an athletic field. This suggeststhat our algorithmcan be
usedto automaticallytrack interestingand historic sports
footage.

7. Discussion
Wepresentasimpleandeffective algorithmfor tracking

on extremely large datasets.We alsopresentandapply a
methodologyfor evaluationona largescale.Ouralgorithm
is basedon two observations.First, detectingandtracking
objectsin videocanbedoneopportunistically;wechooseto
find peoplein certainstylizedposesthatareeasyto detect
andbuild appearancefrom. Onecould also look for styl-
izedmotionsover shortframes;sucha detectormight per-
form bettersinceit poolsinformationfrom acrossframes.
Secondly, discriminative appearancemodelslearnedfrom
a few framescandiscriminatethe object in other frames.
Discriminative featuresfor trackingarenot new [3], but by
learningthemfrom selectframeswherewe trustour detec-
tions,wemake themquitepowerful.
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Figure10.Thetop5 peopledetectionsfor our walkingposedetectoron30000framesfromanunscriptedparkvideo.Eventhoughmultiple
peopleare frequentlyinteracting(seeFig.12),our walkingposedetectortendsto fireon frameswhere thefiguresarewell separated,since
they havea betterdetectionscore. Eventhoughmostdetectionsarenotperfect,wefind that thelogisticmodellearnedcancompensatefor
smallerrors. Notewedonotuseanyformof backgroundsubtraction.

Figure11. Automatictracking of oneof the shotsfrom the 30000frame`Lola' sequence. Eventhoughthe figure is performinga fast
runningmotion,thearmsand legsare quitewell localized.Thetrack recovers fromthefull occlusionof the telephonepoleandhandles
self-occlusionaswell.

Figure12.Automatictracking of a sequencefromthe30000framepark sequence. Thissequenceis harder thanour `Lola' sequence;we
havepoor color resolution,manysmall figuresare in shadowandmanyare occludingeach otherwhile performingfastmotions.We still
obtain gooddetectionsand reasonablelocalizationof armsand legs. Sincemanyof the learnedmodelslook similar, we do not try to
disambiguateinstancesfromframeto frame. Onemightdo thatusingmotionconstraints.

Figure13.Our automatictracker on legacysportsfootage with fastandextrememotions.We showthewalkingdetectionon theleft and
exampleframesfrom the final track (obtainedusing the learnedappearance)on the right . On the top, we usea 300 framesequence
of a baseballpitch from the 2002World Series. On the bottom, we run our algorithm on the complete(7600 frame)medal-winning
performanceof Michelle Kwan from the 1998Winter Olympics. For each sequence, we run our walking posefinder and usethe single
framewith thebestscore (shownon the left) to train the logistic models.In theskatingsequence, thewalkingdetectiondoesnot havea
correctly localizedhead. Thetracker learnsan appearancemodelfor thewrong image region, and this samemistake is repeatedin the
trackedframes.Westill howeverobtainreasonablekinematicestimates.


