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Abstract

We develop an algorithm for finding and kinematically
tracking multiple peoplein long sequencesOur basicas-
sumptionis that peopletendto take on certain canonical
posesgvenwhenperformingunusualactivitieslike throw-
ing a baseballor figure skating e build a persondetector
that quite accurately detectsand localizeslimbs of people
in lateral walking poses.We usethe estimatedimbs from
a detectiorto build a discriminativeappeaancemodel;we
assumehe featuiesthat discriminatea figure in oneframe
will discriminatethefigurein otherframesWethenusethe
modelsaslimb detectosin a pictorial structue framevork,
detectingfiguresin unrestrictedposesn both previousand
successivérames.We haverun our tradker on hundedsof
thousand®of framesand presentand applya methodolgy
for evaluatingtradking on sudh a large scale We testour
tradker on real sequenceicluding a featue-lengthfilm,
an hour of footege from a public park, and varioussports
sequencesW\e find that we can quite accumately automat-
ically find and tradk multiple peopleinteracting with eac
otherwhile performingfastandunusualmotions.

1. Intr oduction

Kinematically tracking peopleis a task of obviousim-
portancepeoplearequite concernedboutwhatotherpeo-
ple are doing. Large-scaleaccurateandautomatickine-
matic trackingwould allow for datamining of surweillance
video, studiesof humanbehaior andbulk motion capture.
No currentsystemsare capableof kinematictrackingon a
large scale;mostdemonstrateesultson merehundredsof
frames.We developanalgorithmthatis accurateandauto-
matic, allowing usto evaluateresultson over onehundred
thousandrames.

The literatureon humantrackingis too large to review
in detail. Trackingpeopleis difficult, becausgeoplecan
move very fast and configurethemselesin mary differ-
ent poses. One can usethe configurationin the current
frame anda dynamicmodelto predictthe next configura-
tion; thesepredictionscanthenberefinedusingimagedata
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(see,for example,[2, 7, 17]). Particlefiltering usesmulti-
ple predictionst obtainedby running samplesof the prior
througha model of the dynamicst which are refined by
comparingthemwith the local imagedata(the likelihood)
(see,for example[2, 9, 19]). The prior is typically quite
diffuse(becausenotioncanbefast)but thelikelihoodfunc-
tion may be very pealy, containingmultiple local maxima
which arehardto accountfor in detail. For example,if an
armswingspastan“arm-like” pole,the correctlocal maxi-
mummustbefoundto preventthetrackfrom drifting. An-
nealingthe particlefilter [5] or performinglocal searches
[21] arewaysto attackthis difficulty. An alternatve is to
apply a strongmodelof dynamicg[19]; typically onemust
chooseahis modela priori, but methoddor onlineselection
exist [1].

An alternatve is to ignore dynamicsandfind peoplein
eachframe independently using such cuesas local mo-
tion [22] or appearanc8, 13, 23] or both[25]. This ap-
proachis attractve becauset self-startsand is robust to
drift (sinceit essentiallyre-initializesitself at eachframe).
In general,detectingpeopleis hard becausepeoplewear
differentclothesandcantake on mary posesthis suggests
a bottom-upapproachusing part detectorq10, 12, 14, 18,
20]. Approachescombining detectionand tracking have
alsoprovenuseful[11, 15].

2. Generalapproach

We follow theapproactof [16], which useshefactthat
peopletend not to changeappearancever a track. The
authorsfirst (a) clustercandidatelimbs detectedin a set
of framesto learn appearancenodelsfor eachlimb and
then (b) track by detectingthe appearancenodelsin each
frame. The clusteringsteponly worksfor sequencewhere
limbs arereliably found by low-level detectorsandwhere
limbs look differentfrom the background.f the algorithm
producesadclusterstheresultingappearancenodelswill
producepoortracks.

We obsenre thattheinitial setof detectorsarenottrying
to detectbut ratherlearnappearanceThis is animportant
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Figurel. Our lateral-walking posefinder Givenan edge image on the left, we search for a treepictorial structure [6] usingrectangle
chamfertemplatecoststo constructlimb likelihoods.We restrictlimbsto be positionedand orientedwithin boundedntervalsconsistent
with walkingleft. We setthesebounds(designatedy the arcs overlaid on the model)by hand. We also search a mirror- ipped version of
theimage to find peoplewalkingright. To enfoice global constaints (left andright legsshouldlook similar), we samplefromthe pictorial
structure posterior(usingtheeflicientmethodof [6]), andre-compute global scoefor thesampledconfiguations. Thebestconfiguration
is shownontheright. In geneal, this procedue alsofindswalkingposesn texturedbadkgrounds;to pruneawaysud falsedetectionsye
re-evaluatethe scoe by computingthe goodnes®f a sgmentatiorinto person/non-pesonpixels. We do this by building an appeaance
modelfor eadh limb (asin Fig.2) and thenusethe modelto classifypixelsfrom this image. We definethe nal costof a walking-pose

detectionto bethe numberof mis-classifiecpixels.
distinctionbecausgypically onewantsdetectorswith high
precisionandrecall performance.In our case,we wanta
persondetectorwith ratheruniqueproperties: (a) it must
accuratelylocalize limbs (sincewe will usethe estimated
limbs to build appearancenodels)and (b) it shouldhave
high precision(we want mostdetectiongto be of people).
Given both, we cantoleratea low recall rate sincewe can
usethelearnedappearancmodelsto find the gure in those
frameswherethe detectorfailed.

We build a persondetectorthat only detectspeoplein
typical poses. Even thoughthe detectorwill not fire on
atypicalposeswe canusethe appearanciarnedrom the
standardposesto track in thoseatypicalframes. This no-
tion of opportunisticdetectionstatesthat we can choose
thoseposeswe want to detect. This way we concentrate
our efforts on easyposesratherthan expendingconsider
ableeffort on difficult ones.Corvenientposesareonesthat
are(a) easyto detectand(b) easyto learnappearancéom.
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 learnappearancérom sincethereis little self-
occlusion;boththe legs andarmsare swingingaway from
the body. Following our obsenations,we build a single-
framepeopledetectorthatfinds peoplein the mid-stanceof
alateral-valk.

Oncewe have detectedh lateral-walking posewith our
detector(Sec.3)we build adiscriminatve modelof appear
anceof eachlimb (Sec.4) We assumehefeatureghathelp
discriminatethefigure in oneframewill helpdetectthefig-
urein otherframes. We finally track by detectingthe ap-
pearancenodelin otherframeswherethe figure canbein
ary pose(Sec.5).We developandapply a methodologyfor
evaluatingdataon alarge scalein Sec.6.

3 DetectingLateral Walking Poses

An overvien of our approachto people detectionis
foundin Fig.1. We will usea sequencéom thefilm 'Run
Lola Run' asour runningexample(punintended).Our ba-

sic representatiorns a tree pictorial structurethat decom-
posesa personmodelinto a shapemodeland appearance
model[6, 8, 16]. If we write the configurationof alimb as
Pi = [x;y; 1, we canwrite the posteriorconfigurationfor
apersongivenanimageas

) e
PI(PijP))

(i )2E i=1

Pr(Py:::Ppjlm)/ Pr(I m(P;))

1)
wherei rangesover setof limbs (head,torso, upper/laver
arm, and left/right upper/laver legs) and E is the set of
edgeghatdefinesthetreestructure Pr(P;jP; ) is theshape
model,andPr(1 m(P;)) is thelocalimagelik elihoodgiven
the limb appearancenodel. We searchfor only one arm
sincewe assumehe otherwill be occludedin our lateral
walking pose.Whencorvenientwe referto thetermsabove
ascostsratherthanprobabilities(implying we arein nega-
tivelog space).

Pr (PijP;): We manuallysetour kinematicshapepo-
tentialsto be uniform within a boundedrangeconsistent
with walking laterally (Fig.1). For example,we force for
ourupperlegsto bebetweem5and15 degreeswith respect
to thetorsoaxis. We do not allow themto be 0 degreesbe-
causewe wantto detectpeoplein a distinctive scissofleg
pattern. Learningthesepotentialsautomaticallyfrom data
is interestingfuture work.

Pr (I m(P;)): We evaluatethe local imagelikelihood
with a chamfertemplateedgemask[24]. We userectan-
gles as our edgetemplates(Fig.1). Given animage,the
chamfercostof a edgetemplateis the averagedistancebe-
tweeneachedgein the templateand the closestedgein
theimage. We computethis efficiently by convolving the
distance-transformeddgeimage with the edgetemplate.
To exploit edgeorientationcues,we quantizeedgepixels
into oneof 12 orientations,and computethe chamfercost
separatelyor eachorientation(andaddthe coststogether).
To capturethedeformationdrom Fig.1, we cornvolve using
rotatedversionsof our templates.We assumehefigure is
ata x edscaleandassuchdo notsearchover scale.
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Figure2. An overview of our approad; givena videosequencewerun a single-scalevalkingposedetectoron ead frame Our detector
fails on the small scalefigure and the on a-typical pose but correctly detectshe walking pose(left). Giventhe estimatedimb positions
fromthatdetectionwelearna quadmtic logistic regressiorclassifierfor eat limb in RGBspaceusingthemasledlimb pixelsaspositives
andall non-pesonpixelsasnegatives.In themiddle left, we showthe learneddecisionboundaryfor the torsoand crudelyvisualizethe

remaininglimb classifiess with a gaussiarfit to the positivepixels. Notethe visual modelsappearto be poor; manymodelslook like the
badgroundbecausesomeof the limb pixelshappento bein shadow Theclassifies are successfupreciselybecausehey learn to ignore

thesepixels(sincethey do not help discriminatebetweerpositiveand negative examples).We thenrun the classifiess on all framesfrom
a sequenceo obtain limb maskson the middle right (we showpixelsfromthethird frameclassifiedastorso, lower arm, lower leg, and
head). We thenseach thesemasksfor candidatelimbs arrangedin a pictorial structue (seaching over generl posedeformationsat

multiplescales)6]. Thisyieldstherecosered configumationsontheright. We showadditionalframesin Fig.4

Since we use our lateral-walking detectorin a high-
precision/lav-recall regime, we needto only look at those
configurationswhereall the limbs have high likelihoods.
Beforeevaluatingthekinematicpotentialswe performnon-
maximumsuppressiomn the chamferlikelihoodresponse
functions(andonly keepcandidatdimbsabove alikelihood
threshold) We alsothrow away armcandidateshatarever-
tical or horizontal(sincetheretendsto bemary verticaland
horizontal rectanglesn imagesof man-madestructures).
This is again justified for high-precision/lav-recall detec-
tion; eventhoughthe arm of a personmay in factbe hori-
zontalor vertical, we choosenot to learntheir appearance
in this pose,sincewe would encountemary falsepositive
detectiongandbuild incorrectappearancenodels).

Global constraints: Wefoundit usefulto enforceglobal
constraintsn our persormodel. For example left andright
legs tendto be similar in appearanceAlso, 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 generatesamplesrom
the posterior(usingthe efficient methodof [6]), andthrow
away thosesampleghatviolate our global constraints We
generate2000 samplesper image. To find con gurations
wherethe left andright legs look similar, we addthe dis-
parity in leg appearancéasmeasurédy thel , distancebe-

tweencolor histograms}o 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 keepthe samplewith thelowestcost.

Segmentationscore: Given an imagewith a laterally
walking person the procedureabore tendsto correctlylo-
calizethelimbs of thefigure. But it doesnot performwell
asapeopledetectorit fireshappilyontexturedregions.We
addaregion-baseatueto the detectionscore.We caninter
pretthe recoreredfigure asa proposedseggmentatiorof the
image (into person/non-persopixels), and directly evalu-
atethe sggmentatior[14] asthefinal detectioncost. Rather
thanusea standardsegmentatiormeasurewe adopta sim-
plerapproach.

We build classifiers(in RGB space)for eachlimb, as
describedin Sec.4. For eachlimb classifier we createa
testpool of limb pixels(from insidethe correspondindgimb
mask)and backgroundpixels (from identically-sizedrect-
angles anking both sidesof thetruelimb). We thenclas-
sify the all testpixels, anddefinethe costof the segmenta-
tion to bethetotal numberof misclassifiecpixels. Notethis
stratgy would notwork if we usedclassifierswith highVVC
dimensionanearesheighborclassifieralwaysreturns0 er-
rorswhentrainingandtestingonthesamedata).Restricting



Figure 3. We showtradking resultsfor a sequencevith large changesin the badground. On the left, we showthe frameon which our
walkingposedetectorfired. By learningdiscriminativelimb appeaancemodeldromthat singleframe weare still ableto tradk thefigure
whenthe badkgroundchanges(right ). Thissuggeststhat our logistic regressiormodelis quite generlizable

oursehesto anearlinearclassifier(suchasquadratidogis-

tic regression)seemsto addresshis issue. We threshold
this final sggmentationscoreto obtain good stylized-pose
detections.

4. Discriminati ve AppearanceModels

Sinceour persondetectorlocalizesa completeperson
in a singleframe,we know both the personpixels and the
non-persorpixels. This suggestsve canbuild a discrimi-
native modelof appearancelNe assumesachlimb is (more
or less)constantcolored,andtrain a quadraticlogistic re-
gressionclassifier We useall pixels inside the estimated
limb rectangleas positives, and useall non-persorpixels
(not inside ary limb mask)as negatives. Our appearance
modelfor eachlimb is a quadraticsurfacethat splits RGB
spaceinto limb/non-limb pixels (Fig.2). Recallour setof
limbs are the head,torso, upper/laver arm, and left/right
upper/laver leg. We fit onemodelfor the upperleg using
examplesfrom both left andright limbs (andsimilarly for
the lower leg). We find our appearancenodelsto be quite
generalizabléFig.3).

5. Tracking asModel Detection

We track by detectingthelimb appearancenodels(built
from Sec.4)in other frames (both prior to and after the
walking posedetection). We usethe samepictorial struc-
ture frameavork as Sec.3,but usethe appeaancemodelto
computeheimage likelihoodPr(I m(P;)) (asopposedo a
chamferedgetemplate) We scorethelik elihoodthatalimb
is at given configurationby countingthe numberof mis-
classifiedpixelsfor that configuration. For example,given
a torsorectangleat a certainposition and orientation,we
countthe numberof non-torsopixels inside that rectangle
andthenumberof torsopixelsinsiderectanglesanking ei-
therside. To computethis score wefirst classifyeachpixel
to obtainalimb mask(Fig.2). We thenperformtwo corvo-
lutionswith rectangulamasksjoneto computethe number
of limb pixels misclassifiedas backgroundand anotherto
computethe numberof backgroundpixels misclassifiedas
limb (andaddthe 2 togetherappropriately).

We find the MAP estimateof Eq.1by dynamicprogram-
ming (workingin log spacefor corvenience) With ourim-

provedimagelik elihoodswe no longerneedto restrictour
shapepotentialsto lateral walking poses;we enlage the
interval boundsfor our shapemodelto respectreasonable
joint limits. However, this introducesa difficulty; the esti-
matedeft andright legstendto overlap,sincethey areboth
attractedo regionswith highlikelihood.A relatedproblem
is thatin someposesarmsandlegsareoccluded.

Occlusion: We musttake careto preventthe estimated
configurationto be dravn toward an awkward/incorrect
posejust to minimize the imagelik elihood of an occluded
limb. Ratherthanbuilding an explicit modelof occlusion,
we foundthefollowing simplestrat@y to be effective. We
obsere thatin almostall poses the head,torso,and one
upper/laver leg is visible. We createa pictorial structure
modeljustwith thesdimbs, anddirectly find the MAP esti-
mate. This tendsto resultin goodlocalizationg(evenwhen
anarmoccludesnuchof thetorso)becausef thequality of
our limb masksandlik elihoods.We searctfor the remain-
ing limbs (again using the pictorial structureframework)
holding the torso fixed at the estimatedlocation. When
searchindgor anew leg, we maskout thealready-estimated
leg from the new leg mask;this preventsthe left andright
leg from lying on the sameimageregion. The sameap-
proachcanbeusedfor estimatindeft/right arms.Wefinally
disregard thoselimbs thatfall belov a detectionthreshold.
We shaw resultsfor our runningexamplein Fig.4.

Multiple People: In generalwe mustaccountfor mul-
tiple peoplein avideo. Givena setof walking-posedetec-
tionsfrom acrosghevideo,we needto automaticallyestab-
lish thenumberof differentpeoplethatareactuallypresent.
For eachdetectionwe learnageneativeappearancmodel
(by fitting a gaussiann RGB spacefor eachlimb). This
returnsa vector of RGB values. We clusterthesevectors
to obtain setsof peoplemodelswith similar appearance.
We usethemean-shifttlusteringproceduresincewe do not
know the numberof peoplein a video a priori [4]. After
obtainingclustersof similarlooking people we usepositive
andnegative examplesfrom acrossthe clusterwhentrain-
ing the logistic regressionfor eachlimb appearance We
thenusethesepeoplemodelsasdescribedn the next two
paragraphs.

Multiple instances:If avideohasmultiple peoplethat
look similar, walking-posedetectionsfor differentpeople



Figure4. A sequencéromLola’ of Lola runningaroundcornerand bumpinginto a character while undegoing extremescalechanges.
Notethe characteris wearingbulky clothingand soour persondetectorhasno hopeof finding him. Our initial walkingdetectoris run at
a singlescale;oncewe learn an appeaancemodel(as shownin Fig.2), wetradk over multiple scalesby searching an image pyramid at

ead frame

might clustertogether(considera video of a soccerteam).
In this case,when searchingfor peopleusing an appear

ancemodel,we might needto instancethatmodelmultiple

timesin asingleframe. We do this by first nding thebest
matchingpictorial structure,as describedpreviously. We

then maskaway thosepixels coveredby all the estimated
limbs, andfind the bestmatchin the remainingpixels,and
repeatagain. We repeatuntil the posteriorfalls belowv a

threshold.

In general,we will have multiple appearancenodels,
eachpossiblyinstancedmultiple times. For eachmodel,
we independenthfind all instanceof it in a frame. Many
modelswill competdo explainthesameor overlappingim-
ageregions. We usea simple greedyassignmentwe first
assignthe best-scoringnstanceto theimagepixelsit cov-
ers. For all theremaininginstanceghatdo not overlap,we
find the best-scoringpne,assignit, andrepeat.

6. Results

We have run our tracker on hundredsof thousandf
frames. Our dataseincludesthe featurelengthfilm “Run
Lola Run', an hour of footageof a local park, and long
sequencesf sportsfootage. This presentsan interesting
challengan evaluatingour systemjwe cannotmarkup ev-
ery frame. Our systemconsistof 2 main components(a)
we run a stylizedposedetectoiin eachframeto find people
andthen(b) usethe learnedappearancéom the detection
tofind peoplein otherframes.We evaluateeachcomponent
separately

Lateral-Walking PoseDetection: Evaluatingourwalk-
ing posedetectoris a difficult taskby itself. Labelingfalse
positivesis straightforvard; if the detectorfinds a person
in the backgroundthat is incorrect. But labeling missed

detectiongs difficult becausepur 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-
basedshotdetectorjascontaininga full-body figure or not.
We definethe scoreof a shotto be the bestscorefrom our
walking detectoron its setof frames;the implicit assump-
tion is thatif a shotcontainsa personpurwalking posede-
tectorwill fire at somepoint. In Fig.5, we shov precision-
recall curvesfor the taskof detectingshotswith full-body
figuresusingour walking detector We do quite reasonably
at high-precision/lav-recall regions of the graph,and sig-
nificantly betterthanchance.We shav detectiongeturned
by our detectorfrom the "Lola’ framesin Fig. 9.

For theparksequencethereareno naturalshots making
recall measurementavkward to define. Sincethis video
containsmultiple people(mary of which look similar), we
clusterthe appearancenodelsto obtaina setof different-
looking peoplemodels,andthenusethemto searchtheen-
tire video. In this case,we would like to selecta detector
thresholdfor our walking detectorwhere mostof the ac-
cepteddetectionsrecorrectandwe still accepenoughdif-
ferentlooking modelsto capturemostpeoplein thevideo.
As such,we plot precisionversusnumberof appearance
modelclustersspannedy theacceptedietectionsn Fig.6.
We do quite reasonablywe canfind mostof the different
looking peoplein the video while still maintainingabout
50%precision.In otherwords,if ourappearanceodelde-
tectionwas perfectandwe werewilling to dealwith 50%
of the tracksbeingjunk, we could track all the peoplein
the video. We shaw the top 5 detectionsreturnedby our
walking detectorin Fig.10.

We look at the ability of our detectorto find peo-
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Figureb. Precisionrecall curvesrfeg?"our walking posedetectoron
shotsfrom "Lola’. At low-recall, high-precisionregions, our de-
tectorperformsquitewell. Manyrunningshotsof "Lola’ showher
runningtoward or awayfromthe camea, for which our detector
doesnotfire. If weusethemodellearnedfromoneshotacrossthe
wholevideo,we would expectto do significantlybetter(sincethe
cential figure never changesclothes!)
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Figure6. Precisioncurvesfor our walkingposedetectoron 30000
framedromtheparksequenceW\e definea correctdetectiorto oc-
cur whenall thelimbsare correctlylocalized. Recallis awkwad
to definesincewe are not trying to detectpeoplein everyframe;
ratherwewantto fire at leastonceon differentlooking peoplein
thesequenceWe obtaina setof modelsof differentlookingpeople
by clusteringthecorrectdetectionof our walkingdetector(which
we validateby hand). For a givendetectorthreshold,we can ex-
plicitly calculateprecision(how manyof the reporteddetections
are correct)andthenumberof differentmodelsspannedy correct
detectionsAswelower the threshold we spanmore models.

ple performingunusualactvities in Fig.13. Perhapssur
prisingly, we are able to find frameswhere our detector
fires. This meansour algorithmis capableof trackinglong
and challengingsportsfootage,where peopleare maving
fastand taking on extreme poses. We shav resultson a
baseballpitch from the 2002 World Seriesand Michelle
Kwan's medalwinning performancdrom the 1998 Winter
Olympics.

Appearancemodel detection: In the secondphaseof
our algorithm, we track by detectingthe learnedappear
ancemodelsin eachframe. Sincewe areimplementingour
tracker asa detectoywe evaluatethefinal track by looking
at precisionandrecall rates. For "Lola’, we evaluateper
formanceon two shots(shovn in Fig.3 and Fig.4) where
the walking detectorcorrectlyfired. Our algorithmlearns
modelsfrom the single detectedframe, and usesthemto
detectconfigurationsn otherframesof theshot. For aran-
domsetof 100 framesfrom eachshot,we manuallymark
correctdetectionsof the torso,arm andleg. We definea
correcttorso detectionto occurwhenthe majority of pix-
elscoveredby theestimatedorsocanbelabeledasatorso.
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Figure7. "Lola' precision/ecalIrec?lj"rvesfor limb detectionin the
appeaancemodel-basegersondetector We manuallymark cor-

recttorsos,arms,and legs, for shotswhele our walking detector
correctly fired. Eadh limb hasits own sggmentationscore, ob-
tainedfrom its correspondindogistic regressionlimb mask. We

thresholdthe score to obtainthe above curves.We do almostper

fecttorsoandleg detectionand near perfectarm detection.This
is becausehecentral characteris visuallydistinctive andthatthe
discriminativeappeaancemodelcaptuesthis fact.
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Figure8. Precision/ecallcurvrgg‘eclllr limb detectiorfor thepark se-
quenceusingthe sameprocedue asFig.7. Our torsodetectionis
quitegood,but our arm detectionis poor becausearmsare small
and fast, makingthemhard to detect. Our performances good
consideringthe difficulty of this dataset;the videohasweakcolor
quality, there are strong shadoweffects,and manysmall figures
are interacting performingquick motions.
We define a correctarm detectionto occur when most of
the pixels masled by the estimatedower arm can be la-
beledas an upperor lower arm (and likewise for leg de-
tections).For the armandleg scoring,we only look at the
first armandleg found (from the two-stepMAP estimation
proceduredescribedn Sec.5). We generatehe final pre-
cision/recallcurvesby thresholdinghe segmentatiorscore
for thetorso, lower arm, andlower leg limbs. Looking at
Fig.7, we do extremelywell; torsosandlegs arefound al-
mostperfectly with quitegoodperformancenthearmsas
well. Theseresultsimply thatif the walking posedetector
performsideally, thanwe cantrad with near perfectaccu-
racy. These(startlingly) goodresultsarereally an artifact
of theway films arephotographedgharactersareoftenin-
tentionallydressedo 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).
We useasimilar criteriafor 200randomframesfrom the
parksequencén Fig.8. Here,we considera detectionto be
correctif it firesonary personn theimage;we do notlook
for consisteng of detectionsfrom one frame to the next.
Sincemary peoplein the sequencdook like eachother
we needadditionalconstraintgo pull outindividual tracks
(suchasmotion). Ourresultsarealsogood,thoughnotnear
the performancewe achieve on "Lola'. We do quite well



Figure9. Thetop detectiondor our walking posedetectoron 30000framesfrom "Lola’. Ontheleft, we showthetop 3 correctdetections
(atpositionsl, 9, and13in arankedlist). Ontheright, weshowthetop 2 falsepositivegat positions2 and3). Eventhoughin thesecond
correct detection,oneleg is incorrectly localized,we still learn the correct appeaancemodelsincewe useboth leg masksto train the

logistic regressionclassifier

at detectingtorsos,with about90% accurag, while arms
arestill difficult becauséhey aresmallandmove fast. This
datais hardfor mary reasonsthevideois washedut,there
aresignificantshadav effects,therearemary smallpeople
interactingwith eachother(Fig.12).

We obtain quite good results(similar to Lola) for the
sportsequencefrom Fig.13, thoughwe omit quantitatve
evaluationfor lack of space. The obseration that movie
characterarevisually distinctive appliesto athletesaswell;
teamstendto wearuniformsthatare not the samecolor as
an athleticfield. This suggestghat our algorithm canbe
usedto automaticallytrack interestingand historic sports
footage.

7. Discussion

We presenta simpleandeffective algorithmfor tracking
on extremelylarge datasets.We also presentand apply a
methodologyfor evaluationon alarge scale.Our algorithm
is basedon two obsenrations. First, detectingandtracking
objectsin videocanbedoneopportunisticallywe chooseo
find peoplein certainstylizedposeshatare easyto detect
andbuild appearancérom. One could alsolook for styl-
ized motionsover shortframes;sucha detectommight per
form bettersinceit poolsinformationfrom acrossframes.
Secondly discriminative appearancenodelslearnedfrom
a few framescan discriminatethe objectin otherframes.
Discriminative featuredfor trackingarenot new [3], but by
learningthemfrom selectframeswherewe trustour detec-
tions,we make themquite powerful.
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Figure10.Thetop 5 peopledetectiongor our walkingposedetectoron 30000framedroman unscriptedoark video. Eventhoughmultiple

peopleare frequentlyinteracting (seeFig.12), our walking posedetectortendsto fire on frameswhele thefiguresare well sepaated,since
they havea betterdetectiorscoe. Eventhoughmostdetectionsare not perfect,wefind thatthelogistic modellearnedcancompensatéor

smallerrors. Notewe do not useanyform of badkgroundsubttaction.

Figure 11. Automatictracking of one of the shotsfrom the 30000frame"Lola’ sequence Eventhoughthe figure is performinga fast
running motion,the armsand legs are quite well localized. Thetradk recovers fromthe full occlusionof the telephonepole and handles

self-occlusioraswell.
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Figure12. Automatictradking of a sequencéromthe 30000framepark sequenceThis sequencés harderthanour "Lola' sequenceywe
havepoor color resolution,manysmallfiguresare in shadowand manyare occludingeat otherwhile performingfast motions.\We still
obtain good detectionsand reasonabldocalization of armsand legs. Sincemanyof the learnedmodelslook similar, we do not try to
disambiguatenstancegromframeto frame Onemightdo that usingmotionconstaints.

O

Figure13. Our automatictradker on legacysportsfootage with fastand extrememotions.We showthe walking detectionon the left and
exampleframesfrom the final tradk (obtainedusingthe learnedappeaance)on the right. On the top, we usea 300 framesequence
of a baseballpitch from the 2002 World Series. On the bottom, we run our algorithm on the complete(7600 frame) medal-winning
performanceof Michelle Kwan from the 1998 Winter Olympics. For eac sequencewe run our walking posefinder and usethe single
framewith the bestscore (shownon theleft) to train the logistic models.In the skatingsequencethe walking detectiondoesnot havea
correctly localizedhead. Thetradker learnsan appeaancemodelfor the wrongimage region, and this samemistale is repeatedn the
tradkedframes We still however obtainreasonabl&inematicestimates.



