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Abstract

We presenta novel appoad to detectinchumansilhouettes
in monocularsequencethatachievesverylow ratesof both
false positivesand negativesby combiningshapeand mo-
tion information. To this end,we usesequencesf moving
silhouettesbuilt usingmotion captue data that we matd
againstshortimage sequences.

We demonstate the effectivenessf our techniqueusing
bothindoor and outdoorimagesof peoplewalkingin front
of cluttered badkgroundsand acquired with a moving cam-
era, which malestedhniquessud as badkground subtac-
tion impractical.

1. Intr oduction

Approachego recognizing3—D humanbody posturesrom
a single image have recently becomeincreasinglypopu-
lar [1, 3, 8, 11, 18]. While they do not suffer from mary
of the problemsthat affect moretraditionalrecursve body
trackingtechniquesmostof themhave only beendemon-
stratedin caseswhere clean body silhouettescan be ex-
tracted,for example using backgroundsubtraction,which
is very restrictve. A key exceptionis the work reported
in [6]. Combininga hierarcly of templateq13] andeffec-
tively using the chamferdistancehas madethe approach
applicableto more challengingcasessuchasthe oneof a
maoving cameraonacar However, eventhen,thealgorithm
tendsto producemary falsepositives,especiallywhenthe
backgrounds cluttered. As aresult,in practice,it is used
in conjunctionwith a stereorig both to narrov the initial
searchareaandto lter outfalsedetectiondrom the back-
ground[7, 8].

We improve upon this approachand achiere very low
ratesof bothfalsepositvesandnegativesby incorporating
motioninformationinto our templateslt letsusdifferenti-
atebetweeractualpeopleandstaticobjectswhoseoutlines
roughlyresemblahoseof a human,which aresurprisingly
numerous. As illustratedby Fig. 1, this is key to avoid-
ing misdetectionsThis is of coursea well known factand
optical o w methodshave beenproposedo detectmaving
humans[4]. However, accuratelycomputingthe ow on
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Figurel: Detectionagainsta clutteredbackground(a) An

edgeimage correspondingo one of the imagesof a se-
guence.(b) The rst threebesttemplatematchesbtained
usingsingleframematchingwhich arewrong. (c) Thebest
templatematchusingthe spatio-temporalemplatesve ad-
vocate.(d) Thecorrespondin@D pose.

humanlimbs is notoriouslydif cult, especiallyif the back-
groundis not static. Our approachavoids this problemby
relying on sequencesf moving silhouettes.

More speci cally, we focus on the part of the walking
cycle whereboth feet are on the ground and use motion
capturedatato createsequenceef 2—D silhouetteghatwe
matchagainstshortimage sequencesWe chosethis spe-
ci ¢ postureboth becausat is very characteristiand be-
causeét couldeasilybe usedto initialize a moretraditional
recursvetrackingalgorithmto recoserthein-betweerbody
poses.

As shavnin Fig. 2, we obtaingoodresultsavenwhenthe
backgrounds clutteredand backgroundsubtractionis im-
practicalbecause¢he cameramoves. Note thatthe subjects
move closeror further sothattheir apparenscalechanges
and turn so that the anglefrom which they are seenalso
varies.In this example,no stereadataor informationabout
the groundplanewasrequiredto eliminatefalse-positres.
Our methodretainsits effectivenessndoors,outdoors and



Figure2: Detectedsilhouettesn severalindoorandoutdoorsequenceacquiredby a moving camera.Sincewe searchfor
a speci ¢ posture—the onewhereboth legs are on the groundandthe anglebetweenthemis greatest—the factthatthe
algorithmdoesnot respondo someof the peoplein the secondandthird imageof thethird row is correct.In thatsensethe
detectiorontheleft of the rst imagein thethird row is oneof therarefalsepositivesit producesThesequencevith several

peopleis attachedhsa supplementarynaterial.

underdif cult lighting conditions. Furthermore because
the detectedemplatesare projectionsof 3—D models,we
canmapthembackto full 3—D poses.

Notethat,eventhoughwe chosea speci ¢ motionto test
it, ourapproachs genericandcouldbeappliedto ary other
actionsthatall peopleperformin roughly similar waysbut
with substantiaindividual variations. For example,there
also are characteristigposturesfor somebodysitting on a
chair or climbing stairs. In the areaof sports,we could
usea small numberof templatego representhe consecu-
tive posturef a tennisplayerhitting the ball with a fore-
hand,a backhandpr a sene, asis donein [18]. We could
similarly handlethetransitionbetweerthe upswingandthe

downswing for a golfer. In short, characteristiqpostures
are commonin humanmotion and, therefore,worth nd-
ing. Theonly requiremenfor applyingour methodis thata
representatie motiondatabaseanbebuilt.

In thereminderof the paperwe rst briey discussear
lier approachesWe thenintroduceour approachto body
posedetectionand presenta numberof resultsobtainedin
challengingconditions.Finally, we discusgpossibleexten-
sions.

2. RelatedWork

Until recently mostapproacheso capturinghuman3-D
motionfrom videorelied on recursve frame-to-framepose



estimation.While effective in somecasesthesetechniques
usuallyrequiremanualinitialization andre-initializationif
the trackingfails. As aresult,thereis now increasingin-
terestfor techniqueghat candetecta 3—D body posefrom
individual framesof a monocularvideosequence.

Oneapproach19, 12] is to useclassi cationto detect
peoplein images but it doesnot provide eithera poseor a
preciseoutline. Furthermore suchglobal approachesend
to bevery occlusionsensitve.

Insteadof detectinghebodyasawhole,adifferenttack
is to look for individual body partsandthento try assem-
bling themto retrieve the pose [14, 11, 10]. This canbe
doneby minimizing an appropriatecriterion, for example
usingan A® algorithm. This hasthe potentialto retrieve
humanbodiesunderarbitraryposesandin the presencef
occlusions Furthermorét canbedonein acomputationally
effective way usingpictorial structureg5]. However, it can
easily becomeconfusedbecausghereare mary limb-like
objectsin realworld images.

Another classof approacheselies on techniquessuch
as backgroundsubtractionto producesilhouettesthat can
thenbe analyzed.Several methoddearnduring an of ine
stagea mappingbetweerthe visualinput spaceformedby
the silhouettesandthe 3—-D posespacefrom examplescol-
lectedmanuallyor createdusinggraphicssoftware. For ex-
ample,[15] usesmultilayer perceptronso mapthe silhou-
etterepresentedby its momentsto the 3-D pose. In [16]
themappingis performedusingrobustlocally weightedre-
gressiorover nearesheighborghatareef ciently retrieved
usinghashtables.In [3], it is doneindirectly via manifolds
embeddedh low dimensionakpaceswhereeachmanifold
correspond#$o the subsebf silhouettedor walking motion
seenfrom a particularviewpoint. Local Linear Embedding
is usedto mapthe manifoldsto boththesilhouettesaandthe
3-D pose.In [1], the mappingbetweerthe coupleformed
by an extractedsilhouetteanda predictedposeto the cor
responding3-D poseis establishedising Relevant Vector
Machine. While theseworks introduce powerful tools to
associat&—D posedo detectedsilhouettesthey tendto be
of limited practicalusebecausehey requirerelatively clean
silhouetteshatarenot alwayseasyto obtain.

A morerobust way to matchglobal silhouettesagainst
imagecontoursis to useboth a hierarcly of templatesand
the chamfer distance,an approachoriginally introduced
in [13] andextendedin [7, 8]. This producesxcellentre-
sultswhen appliedto dif cult outdoorimages. However,
it seemgo have a relatively high falsedetectionrate. Re-
ducingthisrateinvolveseitherintroducinga priori assump-
tions aboutwherepeoplecanbe[7] or incorporatingaddi-
tional processinguchastextureclassi cationor stereover-
i cation [8]. In thecontet of handtracking,[17] alsorelies
on the chamferdistanceand a tree structurequite similar
to the hierarcly of templatesof [13] for ef ciency. In this

case,the false positives and negatives problemis avoided
by assuminghat one and only one handis presentin the
image.Bayesiarrackingis combinedwith detectiorto dis-
ambiguatehe handpose.

By contrastto theseearlier approachespur method,
which alsorelies on global silhouettesmatching,includes
anoriginal way to take motion into accountto avoid false
positives. Suchinformationwas also exploited in [2] for
humanaction recognition,but only underthe assumption
thatpreprocessedndcenteredsubimage®f the peopleare
available. In our casewe directly usethe full imagesas
input.

3 Approach

In this sectionwe describenow we introducemotioninfor-

mationinto the silhouettematchingprocess.This is done
onthesolebasisof thenoisyandpotentiallyincompletesil-

houetteghat canrealistically be extractedfrom imagesof

clutteredscenescquirecby amoving camera.

3.1 Creatingthe Templates

Here,we focuson the partof thewalking cycle whereboth
feetandlegsareonthegroundandthe anglebetweerthem
arethe greatestand usemotion capturedataand graphics
softwareto createa databasef templates.

We rst useda Vicon™ optical motion capturesystem
anda treadmill to capture8 people,5 menand 3 women,
walking at nine different speedsranging from 3 km/h to
7 km/h, by incrementsof 0.5 km/h. Also, we built a vir-
tual charactetthat can performthe capturedmotions,and
renderedmagesat a rate of 25 framesper secondasseen
from the virtual cameraglepictedby Fig. 3(a). Note that
Camera3 (frontal view) andCamerar (backview) arenot
used,sincetheseviews give imagesof the modelin which
it is very dif cult to distinguishthe searchegbosefrom oth-
ers. Therenderedmagesarethenusedto createtemplates
suchasthosedepictedby Fig. 3(b). Therenderedmages
arerescaledat seven differentscalesrangingfrom 52£ 64
to 92£ 113 pixels, so that an image at one scaleis 10%
larger thanthe imageone scalebelon. From eachone of
therenderedmagesye extractthe silhouetteof the model.
Eachtemplateis madeof a shortsequencef silhouettes
that includesa key frame, that is the frame representing
the speci ¢ walking poseandwhich is alwaystakento be
the middle framein the sequenceThe silhouettesarerep-
resentedas setsof orientedpixels that can be ef ciently
matchedagainstimage sequencesaswill be discussedn
Section3.2.

In practicewe use 3 frame silhouettesequences.The
top row of Fig. 3(b) correspondso apro le view in which
the' ; representheangleshetweerthetwo legs. Here,we
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Figure3: Creatingspatio-temporalemplatesi(a) Eight vir-
tual camerasreplacedaroundthe modelat every 45%. (b)
Eachtemplatecorrespondingdo a singlecameraview con-
sistsof threesilhouettesextractedfrom threeconsecutie
frames.Blue arronvsin imageCameral / Framel represent
edgeorientationausedfor matchingsilhouettesor someof
the contourpixels. (c) The threesilhouettesof a template
aresuperposetb highlightthedifferencedetweerthe out-
lines.

have' , > ' ;and' , > ' 3. Thebottomrow representthe
samemotion but seenfrom a differentangle. To highlight
the differencedetweerthethreesilhouettesye superpose
thethreepro le onesin Fig. 3(c).

3.2 SingleSilhouette Matching

As in previousapproachefl3, 7], we rely on Chamferdis-
tance,ef ciently computedusing the DistanceTransform
(DT) of theinputimage,to matchsilhouettego individual
inputimages.However, we have endeaoredto increasets
robustness.

The original formulationof the Chamferdistances

1 X
dchamf er(S;C) = ﬁ
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whereS is the silhouettecontainingn points,andC is the
setof contourpointsin the inputimageafter Canry edge
detection.Simplyrelyingonthedistancebetweeredgepro-
ducesalot of falsepositives,especiallyin presencef clut-
ter. We thereforealsotake into accounthe edgeorientation
by introducinga penaltyterm

psi;g) = K aftan(® i ~¢)1% @)

where®s; and ., arethe edgeorientationrespectiely at
the silhouettepoint s; andat the contourpoint ¢;, andK
is a weight that de nes the slope of the penaltyfunction.
Thealgorithmfor DT computatioris modi ed sothateach
locationin the DT imagealsocontainshe edgeorientation
of theclosestedgepixel. In practicewe useK = 20, which
is enoughto completelyeliminatethein uence of thepixels
that have the edgeorientationdifferencegreaterthan 30¢,
evenif thedistancebetweerthemis zero.

As discussedbore, our templatedatabaseontainsdif-
ferentscaletemplates. To allow effective comparisorbe-
tweenthe chamferdistancesor suchtemplateswe explic-
itly introducea scalefactork into Equationl to normalize
thedistanceo thevaluethatwould be computedf thetem-
plate hasnot beenscaled. Finally we introducethe Tukey
robustestimatorf9] to reducethe effect of outliersor miss-
ing edgesWe thereforetake Chamferdistanceo be

1x My 1
dechamt er (S;C) = n Ya K ksi i c(si)k+ p(si;c(si))

si2S
3
wherec(s;) is the closestcontourpointto points;.

3.3 Spatio-Temporal Template Matching

Insteadof single silhouettematching,we matchour tem-
platesmadeof severalsilhouettesgninstportionsof these-
guence.Let theinputimagesequencéethe setof images
""" wheret representshe discretized
timeandtnha thetimeatwhichthelastframewasacquired.
EachtemplateT createdasexplainedin Section3.1is made

wherei is the index of the silhouettein the sequencend



Figure4: A spatio-temporaiemplatematchedagainstconsecutie imagesof the sequence.

Ns the numberof silhouettesn the templates.In our ex-
periments,we took Ns = 3 but it could be higher An
exampleof templatematchedagainsta portion of animage
sequencés presentedrig. 4. Notethat,for the sale of sim-
plicity, thetemplatescaleis notexplicitly representedh the
following.

Let 1Y) pe the rectangulapatchof imagel; whose
upperleft corneris positionedat (x; y) andthatis of the
samesizeof thetemplatesAr ea(x; y) denotesnareacen-
teredon point (X; y) wherex j dx < x < x + dx and
yi dy < y< y+ dy, wheredx anddy areproportionalto
thetemplatescale.

Using thesenotations,we take the distanceD between
Ns consecutieinputimaged 1+1 :::lt+ ng andatemplate
T locatedat pixel (x; y) to be

1 Rs
D(Tixi¥ilea tthens) = 5= diGGyiT) (4)
S il .
di(X; y;T): (xrglig)'z dchamf er Ti;'ﬁf?;yo) . (5)

Ar ea(xy )

This allows smallvariationson the locationsof the suc-
cessie silhouettesof a template. The templatescanthen
be matchedagainstthe sequencédy looking for local min-
ima of the distanceD (:) whenvarying the templateT, the
location(x; y) overtheimagesandt overtime.

However, if we directly searchfor the bestmatchesn
a exhaustve way, we would get several responsegor the
samepersoraroundthe correctlocationandtime. To avoid
that, we rely on the following strategyy. Let the matchbe-
tweenan input sequencef Ng framesand a templateT
bethevectorm = [Tmtm;Xm;Ym:Dm]". We build the
sortedlist L of m; vectorssortedaccordingto their dis-
tancesD,, asfollows. Foreacht = 1:::tmax i Ns we

nd thebestmatchm accordingto D, andinsertit in the
sortedlist L. We repeatthis parsingof the sequencentil
thedistanceD ,, fallsabore agiventhresholdy excluding
the matchesalreadypresentn L. pp canbe dynamically
choserasdiscussedbelown. Thisgivesusasinglematchper

persorbecausa& matchm is insertedinto thelist L only if
it doesnotoverlapeitherin spaceor time anothematchm ©
alreadyin L with a smallerdistance.More formally m is
insertedf thereis nomatchm®2 L suchas:

8

< DY < Dp;
(Xm;¥Ym) 2 Area(Xmo;ymo) and ; (6)
tmoj #H <ty < tpot+

where tt is a constantthat de nes a frame rangewithin
which multiple detectionsn the sameareaarenot allowed.
Finally, we end up with the sortedlist of matchesL for
the whole input sequence Assumingthe bestmatchto be
correct, it is possibleto dynamically set the thresholdto
b = KpDm, whereKp is the samescalarvaluefor all
resultsshavn in this paper

3.4 Implementation Details

In practice,a naive implementationof this methodwould
be computationallyery expensve. Thereforewe propose
an alternatve way of nding the bestmatches. For each
time stept, we searchfor the silhouettesT; of eachtem-
plateT in theimagel(+ij, 1 < i < Ns. We alsohuild a
lookuptablefor a fastaccesgo the silhouettesdetectedn
animagearoundagivenlocation.As before to avoid multi-
ple responsefor the samepersonwe rejectdetectionghat
overlapwith betterones.

From thesesilhouettedetectionswe will build the list
L. of detectedemplatesor which the silhouettesequence
startsat time t. By fusingthe successie lists L while re-
spectingheconditionsgivenin (6), weretrieve the nal list
L describedabore.

Eachlist L; is constructedsfollows. For eachsilhouette
T; detectedn imagel ¢+ i, wherei variesbetweerl andN s,
we checkif theothersilhouettesT; of thesametemplateT
have beendetectedaroundthe locationof T; in the other
imagesl ¢+ . This searchis performedefciently usingthe
lookup table. If all the successie silhouettesfor a same
templatehave beencoherentlydetectedthey areinsertedas



Figure5: Our approachis robustto changesn the camera
position. Herethe cameras placedvery high, anda satis-
fying poseis recoreredeventhoughthereareno templates
in thedatabaséor suchcameraview.

a singletemplatein thelist L. The associatedlistancels
simply the meanof the Chamferdistanceof the successie
silhouettes.

Thesilhouettedetectiorinvolvesmatchingall thesilhou-
ettesfrom thedatabasagainstcorrespondingmageregion
1Y) A naive implementatiorwould be computationally
very expensve asit would requirewt £ ht £ Ns £ Nt
operationgor chamferscorecomputationwherews is the
silhouettewidth, ht isthesilhouetteheight,N s is thenum-
berof silhouettepertemplateandN 1 isthenumberof tem-
plates.To decreasthis compleity, we precomputelist of
edgepixels thatbelongto at leastone databaseilhouette.
Thislist letsusreducethe numberof accesseto thecham-
fer mapto lessthanwt £ ht becaus®nly the pixelsfrom
thelist areaccessedAt thesametime, therequirednumber
of operationss reducedby afactorK ' 0:07, whichis the
ratio of edgepixelsto thetemplatesize.

As aresult,it takesalittle under0.06secondperspatio-
temporaltemplatepervideoframeona 2.8 GHz PC.Since
we use432suchtemplatesit takes25 secondgo processa
frame. Thisis admittedlynot particularlyfastbut adequate
to demonstratdeasibility, which is our goal. Furthermore,
sincethe currenttechniquecould be signi cantly speeded
up by usinga Gavrila lik e templatehierarcly, we donotsee
ary theoreticabbstacleo ultimatelyincorporatingt into a
practicalrealworld application.

Figure6: Top rows: Correctdetectionsn spiteof the clut-
tered background. Bottom row: Correctdetectioneven
thougha substantiapartof the silhouetteis missing.

4 Results

We have alreadyshavn in Fig. 2 someof the resultsob-
tainedfrom several image sequencesvith clutteredback-
ground. Note that the subjectsmove closeror further so
that their apparentscalechangesand turn so that the an-
gle from which they areseenalsovaries. All thetemplates
in our databasearerenderedrom virtual cameraghatare
positionedat 1.20mfrom the groundlevel, sothat optimal
resultscan be expectedwhenthe camerais at that height.
However, our algorithmis very robustwith respecto cam-
eraposition.Fig. 5 shavsits goodbehaiour evenwhenthe
camerds placedhigh abore the headof the person.

In Fig. 6 we further demonstratéhat the detectionsare
correctevenwhenthe edgeimagesarevery noisy. Further



Figure7: Framedrom two differentsequences which our algorithm nds only humansn the correctkey pose.Notethat
the cameras maoving to follow the person.The 3—D posecorrespondingo the right-mostimagesof the rst two rows are
shavn. Thesecondsequencés suppliedasa supplementarynaterial.

more,we canmapthe detectedemplatesbackto full 3-D
posesasshovnin Fig. 5. Remembethatour methodis de-
signedto detectpeoplein a speci c pose.As shovn in the
walking sequencesf Fig. 7, thatis exactly what it does.
Notethatthe cameranovesto follow the person.

Typical failure modesinvolve a detectionlocation that
is usually correctbut aninaccurateorientationor scale,as
shavnin Fig. 8. To quantifythis, we estimatedheerrorrate
on the two movies suppliedwith the paperas supplemen-
tary material. The rst movie is depictedby the lastthree
rows of Fig. 7. In the 590 frameswe got 42 positives, 2
falsenegativesandno falsepositives. Amongthe positives
thereare4 detectiondor which the scaleis morethan10%
incorrect,suchasthe one shawvn in Fig. 8(a). In the sec-
ondmovie, depictedby the secondandthird row of Fig. 2,
therearemultiple people.In this 445framessequencequr

algorithm nds 37 positives, 6 falsenegatives and 2 false
positives.Notethatthetwo falsepositivesdo correspondo
peoplebut notin the searchegbosture asshawvn in the rst
imageof the third row of Fig. 2. Thereare no falsepos-
itivesin the background.Among the positvesthereare 5
detectiondor which the scaleis morethan10% uncorrect,
and?2 detectiondor whichtheorientationerroris morethan
45, suchasthe oneshavn in Fig. 8(b). Like mary other
approachespur algorithmhasdif culties to disambiguate
whichleg is whichin akey posein strict sideviews. How-
ever, assoonasthe view changeslightly, the correctpose
is recognized.

In summaryour methoddetectgeoplein thetargetpos-
turewith avery low errorrate. Thefew falsepositivesstill
correspondo peoplebut at somavhatinaccuratescalesor
orientations. While this paperfocuseson pure detection,
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Figure8: Failure modes.(a) Wrong scale. (b) Wrong ori-
entation.

it is thereforeclearthat the performanceof our algorithm
couldbefurtherincreasedy simplespatio-temporallter -
ing of severalconsecutie detections.

5 Conclusion

We have presente@ methodfor humanbodyposedetection
that combinessilhouettematchingand motioninformation
in anoriginal way. This is importantbecauséhumanmo-
tion is very differentfrom otherkinds of motionsandcan
be effectively usedto reducethe falsepositive andnegative
detectionrate. As a result, we have alreadybeenableto
demonstraterery good resultsfor indoor and outdoor se-
quencedfor which backgroundsubtractionis impossible,
underdif cult lighting conditions,different cameraview-
pointsandapparenscalechanges.Furthermoresincethe
detectedemplatesareprojectionsof 3-D models,mapping
thembackfrom 2-D to full 3-D posesds straightforvard.

Ourapproacheventhoughtestedon speci ¢ humanmo-
tion, is genericand could be appliedfor ary otheractions
that all peopleperformin roughly similar ways but with
substantiaindividual variations. The only requirements
thatarepresentate motiondatabaseanbe built.

This method,with its accurate3—D posedetectionsis a
key steptowardsrobustfull 3-D body posetrackingalgo-
rithmsthatcaninitialize andre-initialize themselesin dif-
cult real-world conditionswheretechniqguesuchasback-
groundsubtractiorareimpractical.Developingsuchtracker
would beourlongtermtaskin thefuture.

References

[1] A. Agarwal andB. Triggs. 3d humanposefrom silhouettes
by relevancevectorregression.In Confeenceon Computer
Vision and PatternRecanition, 2004.

[2] A.A. Efros,A.C. Berg, G. Mori, andJ. Malik. Recognizing
actionat a distance. In International Confeenceon Com-
puter\Vision, pages’26+733,0ctober2003.

[3] A. ElgammalandC.S.Lee. Inferring 3D Body Posefrom
Silhouettesusing Activity Manifold Learning. In CVPR
WashingtonPC, June2004.

[4] R.FabletandM.J.Black. AutomaticDetectionandTracking
of Human Motion with a View-BasedRepresentation.In
EuropeanConfeenceon Computenision, May 2002.

[5] P. Felzenszwlb and D. Huttenlocher Pictorial Structures
for ObjectRecognition. InternationalJournal of Computer
\ision, 16(1),2005.

[6] D. Gavrila, J. Giebel,and S.Munder Vision-basededes-
trian detection:the protectorsystem.In Intelligent \ehicles
Symposiunpagesl3+18,2004.

[7] D. Gavrrila andV. Philomin. Real-timeobjectdetectionfor
“smart” vehicles.In International Confeenceon Computer
\ision, pages37+93,1999.

[8] J.Giebel,D.M. Gavrila, andC. Schnorr A bayesiarframe-
work for multi-cue 3d objecttracking. In Proceedingsof
EuropeanConfeenceon Computenvision, 2004.

[9] PJ.Huber RolustStatistics Wiley, New York, 1981.

[10] KrystianMikolajczyk,CordeliaSchmid,andAndrew Zisser
man. Humandetectionbasedon a probabilisticassemblyof
robustpartdetectorsin EuropeanConfeenceon Computer
Vision, volumel, pages69+81,2004.

[11] G. Mori, X. Ren, A.A. Efros, and J. Malik. Recorering
HumanBody Con®gurationsCombiningSegmentatiorand
Recognition.In Confeenceon ComputenisionandPattern
Recagnition, WashingtonDC, 2004.

[12] K. Okuma,A. Taleghani,N. de Freitas,J.J.Little, andD.G.
Lowe. A boostedparticle ®lter: multitarget detectionand
tracking. In European Confeence on ComputerVision,
PragueCzechRepublic,May 2004.

[13] C.F OlsonandD. P. Huttenlocher Automatictargetrecog-
nition by matchingorientededgepixels. IEEE Transactions
onlImage Processing6:103+113Januaryl997.

[14] R. Ronfard, C. Schmid,andB. Triggs. Learningto parse
picturesof people. In EuropeanConfeenceon Computer
\ision, volume 4, pages700+714,CopenhagenDenmark,
2002.

[15] R. Rosalesand S. Sclarof. Infering Body Posewithout
TrackingBody Parts.In Confeenceon ComputeMsionand
PatternRecgnition, June2000.

[16] G. Shakhnareich, P. Viola, andT. Darrell. Fastposees-
timationwith parametesensitve hashing. In International
Confeenceon Computenision, Nice, France 2003.

[17] B. Stenger A. ThayananthanPH.S. Torr, and R. Cipolla.
Filtering Using a Tree-BasedEstimator In International
Confeence on ComputerVision, volume 2, pages1063+
1070,2003.

[18] J.SullivanandS.CarlssonRecognizingandtrackinghuman
action. In EuropeanConfeenceon Computenvision, 2002.

[19] P Viola, M. JonesandD.Snav. Detectingpedestriansising
patternsof motionandappearancen InternationalConfer
enceon Computenision, pagesr34+7412003.



