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Abstract

Wepresenta novelapproach to detectinghumansilhouettes
in monocularsequencesthatachievesverylow ratesof both
falsepositivesand negativesby combiningshapeand mo-
tion information. To this end,weusesequencesof moving
silhouettesbuilt usingmotioncapture data that we match
againstshortimagesequences.

We demonstratetheeffectivenessof our techniqueusing
both indoor andoutdoorimagesof peoplewalkingin front
of clutteredbackgroundsandacquiredwith a moving cam-
era, which makestechniquessuch as backgroundsubtrac-
tion impractical.

1. Intr oduction
Approachesto recognizing3–Dhumanbodyposturesfrom
a single image have recently becomeincreasinglypopu-
lar [1, 3, 8, 11, 18]. While they do not suffer from many
of theproblemsthataffect moretraditionalrecursive body
trackingtechniques,mostof themhave only beendemon-
stratedin caseswherecleanbody silhouettescan be ex-
tracted,for exampleusingbackgroundsubtraction,which
is very restrictive. A key exceptionis the work reported
in [6]. Combininga hierarchy of templates[13] andeffec-
tively using the chamferdistancehasmadethe approach
applicableto morechallengingcasessuchasthe oneof a
moving cameraonacar. However, eventhen,thealgorithm
tendsto producemany falsepositives,especiallywhenthe
backgroundis cluttered.As a result,in practice,it is used
in conjunctionwith a stereorig both to narrow the initial
searchareaandto �lter out falsedetectionsfrom theback-
ground[7, 8].

We improve upon this approachand achieve very low
ratesof both falsepositivesandnegativesby incorporating
motioninformationinto our templates.It letsusdifferenti-
atebetweenactualpeopleandstaticobjectswhoseoutlines
roughlyresemblethoseof a human,which aresurprisingly
numerous. As illustratedby Fig. 1, this is key to avoid-
ing misdetections.This is of coursea well known factand
optical �o w methodshave beenproposedto detectmoving
humans[4]. However, accuratelycomputingthe �o w on
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Figure1: Detectionagainsta clutteredbackground.(a) An
edgeimagecorrespondingto one of the imagesof a se-
quence.(b) The �rst threebesttemplatematchesobtained
usingsingleframematching,whicharewrong.(c) Thebest
templatematchusingthespatio-temporaltemplateswe ad-
vocate.(d) Thecorresponding3D pose.

humanlimbs is notoriouslydif�cult, especiallyif theback-
groundis not static. Our approachavoids this problemby
relyingonsequencesof moving silhouettes.

More speci�cally, we focuson the part of the walking
cycle whereboth feet are on the groundand usemotion
capturedatato createsequencesof 2–D silhouettesthatwe
matchagainstshort imagesequences.We chosethis spe-
ci�c postureboth becauseit is very characteristicandbe-
causeit couldeasilybeusedto initialize a moretraditional
recursivetrackingalgorithmto recoverthein-betweenbody
poses.

As shown in Fig.2,weobtaingoodresultsevenwhenthe
backgroundis clutteredandbackgroundsubtractionis im-
practicalbecausethecameramoves.Notethat thesubjects
move closeror furtherso that their apparentscalechanges
and turn so that the anglefrom which they are seenalso
varies.In this example,no stereodataor informationabout
thegroundplanewasrequiredto eliminatefalse-positives.
Our methodretainsits effectivenessindoors,outdoors,and
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Figure2: Detectedsilhouettesin several indoorandoutdoorsequencesacquiredby a moving camera.Sincewe searchfor
a speci�c posture—the onewhereboth legs areon the groundandthe anglebetweenthemis greatest—the fact that the
algorithmdoesnot respondto someof thepeoplein thesecondandthird imageof thethird row is correct.In thatsense,the
detectionontheleft of the�rst imagein thethird row is oneof therarefalsepositivesit produces.Thesequencewith several
peopleis attachedasasupplementarymaterial.

underdif�cult lighting conditions. Furthermore,because
the detectedtemplatesareprojectionsof 3–D models,we
canmapthembackto full 3–Dposes.

Notethat,eventhoughwechoseaspeci�c motionto test
it, ourapproachis genericandcouldbeappliedto any other
actionsthatall peopleperformin roughlysimilar waysbut
with substantialindividual variations. For example,there
also are characteristicposturesfor somebodysitting on a
chair or climbing stairs. In the areaof sports,we could
usea small numberof templatesto representthe consecu-
tive posturesof a tennisplayerhitting theball with a fore-
hand,a backhand,or a serve, asis donein [18]. We could
similarly handlethetransitionbetweentheupswingandthe

downswing for a golfer. In short, characteristicpostures
arecommonin humanmotion and, therefore,worth �nd-
ing. Theonly requirementfor applyingourmethodis thata
representative motiondatabasecanbebuilt.

In thereminderof thepaperwe �rst brie�y discussear-
lier approaches.We then introduceour approachto body
posedetectionandpresenta numberof resultsobtainedin
challengingconditions.Finally, we discusspossibleexten-
sions.

2. RelatedWork
Until recently, most approachesto capturinghuman3–D
motionfrom videoreliedon recursive frame-to-framepose
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estimation.While effective in somecases,thesetechniques
usuallyrequiremanualinitialization andre-initializationif
the trackingfails. As a result, thereis now increasingin-
terestfor techniquesthatcandetecta 3–D bodyposefrom
individual framesof amonocularvideosequence.

Oneapproach[19, 12] is to useclassi�cation to detect
peoplein images,but it doesnot provide eithera poseor a
preciseoutline. Furthermore,suchglobalapproachestend
to beveryocclusionsensitive.

Insteadof detectingthebodyasawhole,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
using an A¤ algorithm. This hasthe potentialto retrieve
humanbodiesunderarbitraryposesandin thepresenceof
occlusions.Furthermoreit canbedonein acomputationally
effective wayusingpictorial structures[5]. However, it can
easilybecomeconfusedbecausetherearemany limb-like
objectsin realworld images.

Another classof approachesrelies on techniquessuch
as backgroundsubtractionto producesilhouettesthat can
thenbe analyzed.Several methodslearnduring an of�ine
stagea mappingbetweenthevisual input spaceformedby
thesilhouettesandthe3–D posespacefrom examplescol-
lectedmanuallyor createdusinggraphicssoftware.For ex-
ample,[15] usesmultilayerperceptronsto mapthesilhou-
ette representedby its momentsto the 3–D pose. In [16]
themappingis performedusingrobustlocally weightedre-
gressionovernearestneighborsthatareef�ciently retrieved
usinghashtables.In [3], it is doneindirectly via manifolds
embeddedin low dimensionalspaces,whereeachmanifold
correspondsto thesubsetof silhouettesfor walking motion
seenfrom a particularviewpoint. Local LinearEmbedding
is usedto mapthemanifoldsto boththesilhouettesandthe
3–D pose.In [1], themappingbetweenthecoupleformed
by an extractedsilhouetteanda predictedposeto the cor-
responding3–D poseis establishedusingRelevant Vector
Machine. While theseworks introducepowerful tools to
associate3–D posesto detectedsilhouettes,they tendto be
of limited practicalusebecausethey requirerelatively clean
silhouettesthatarenotalwayseasyto obtain.

A morerobust way to matchglobal silhouettesagainst
imagecontoursis to usebotha hierarchy of templatesand
the chamferdistance,an approachoriginally introduced
in [13] andextendedin [7, 8]. This producesexcellentre-
sults whenappliedto dif�cult outdoorimages. However,
it seemsto have a relatively high falsedetectionrate. Re-
ducingthisrateinvolveseitherintroducinga priori assump-
tionsaboutwherepeoplecanbe [7] or incorporatingaddi-
tionalprocessingsuchastextureclassi�cationor stereover-
i�cation [8]. In thecontext of handtracking,[17] alsorelies
on the chamferdistanceanda treestructurequite similar
to thehierarchy of templatesof [13] for ef�ciency. In this

case,the falsepositivesandnegativesproblemis avoided
by assumingthat oneandonly onehandis presentin the
image.Bayesiantrackingis combinedwith detectionto dis-
ambiguatethehandpose.

By contrastto theseearlier approaches,our method,
which alsorelieson global silhouettesmatching,includes
an original way to take motion into accountto avoid false
positives. Suchinformation was also exploited in [2] for
humanaction recognition,but only underthe assumption
thatpreprocessedandcenteredsubimagesof thepeopleare
available. In our casewe directly usethe full imagesas
input.

3 Approach

In thissection,wedescribehow weintroducemotioninfor-
mation into the silhouettematchingprocess.This is done
onthesolebasisof thenoisyandpotentiallyincompletesil-
houettesthat canrealisticallybe extractedfrom imagesof
clutteredscenesacquiredby amoving camera.

3.1 Creating the Templates

Here,we focuson thepartof thewalking cycle whereboth
feetandlegsareon thegroundandtheanglebetweenthem
arethe greatest,andusemotion capturedataandgraphics
softwareto createadatabaseof templates.

We �rst useda Vicontm optical motion capturesystem
anda treadmill to capture8 people,5 menand3 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 characterthat canperformthe capturedmotions,and
renderedimagesat a rateof 25 framesper secondasseen
from the virtual camerasdepictedby Fig. 3(a). Note that
Camera3 (frontal view) andCamera7 (backview) arenot
used,sincetheseviews give imagesof themodelin which
it is verydif�cult to distinguishthesearchedposefrom oth-
ers. Therenderedimagesarethenusedto createtemplates
suchasthosedepictedby Fig. 3(b). The renderedimages
arerescaledat seven differentscalesrangingfrom 52£ 64
to 92£ 113 pixels, so that an imageat one scaleis 10%
larger thanthe imageonescalebelow. From eachoneof
therenderedimages,weextractthesilhouetteof themodel.
Eachtemplateis madeof a short sequenceof silhouettes
that includesa key frame, that is the frame representing
the speci�c walking poseandwhich is alwaystaken to be
themiddle framein thesequence.Thesilhouettesarerep-
resentedas setsof orientedpixels that can be ef�ciently
matchedagainst imagesequences,aswill be discussedin
Section3.2.

In practicewe use3 frame silhouettesequences.The
top row of Fig. 3(b) correspondsto a pro�le view in which
the' i representtheanglesbetweenthetwo legs. Here,we
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Figure3: Creatingspatio-temporaltemplates:(a)Eightvir-
tual camerasareplacedaroundthemodelat every 45±. (b)
Eachtemplatecorrespondingto a singlecameraview con-
sistsof threesilhouettes,extractedfrom threeconsecutive
frames.Bluearrowsin imageCamera1 / Frame1 represent
edgeorientationsusedfor matchingsilhouettesfor someof
the contourpixels. (c) The threesilhouettesof a template
aresuperposedto highlight thedifferencesbetweentheout-
lines.

have ' 2 > ' 1 and' 2 > ' 3. Thebottomrow representsthe
samemotionbut seenfrom a differentangle. To highlight
thedifferencesbetweenthethreesilhouettes,we superpose
thethreepro�le onesin Fig. 3(c).

3.2 SingleSilhouetteMatching

As in previousapproaches[13, 7], we rely onChamferdis-
tance,ef�ciently computedusing the DistanceTransform
(DT) of the input image,to matchsilhouettesto individual
input images.However, we have endeavoredto increaseits
robustness.

Theoriginal formulationof theChamferdistanceis

dchamf er (S; C) =
1
n

X

si 2 S

min
cj 2 C

ksi ¡ cj k (1)

whereS is thesilhouettecontainingn points,andC is the
setof contourpoints in the input imageafter Canny edge
detection.Simplyrelyingonthedistancebetweenedgepro-
ducesa lot of falsepositives,especiallyin presenceof clut-
ter. Wethereforealsotake into accounttheedgeorientation
by introducingapenaltyterm

p(si ; cj ) = K ¤ [tan(®si ¡ ¯ cj )]2; (2)

where®si and¯ cj arethe edgeorientationrespectively at
the silhouettepoint si andat the contourpoint cj , andK
is a weight that de�nes the slopeof the penaltyfunction.
Thealgorithmfor DT computationis modi�ed sothateach
locationin theDT imagealsocontainstheedgeorientation
of theclosestedgepixel. In practiceweuseK = 20, which
is enoughto completelyeliminatethein�uenceof thepixels
that have the edgeorientationdifferencegreaterthan30±,
evenif thedistancebetweenthemis zero.

As discussedabove, our templatedatabasecontainsdif-
ferentscaletemplates.To allow effective comparisonbe-
tweenthechamferdistancesfor suchtemplates,we explic-
itly introducea scalefactork into Equation1 to normalize
thedistanceto thevaluethatwouldbecomputedif thetem-
platehasnot beenscaled.Finally we introducethe Tukey
robustestimator[9] to reducetheeffect of outliersor miss-
ing edges.We thereforetakeChamferdistanceto be

dchamf er (S; C) =
1
n

X

si 2 S

½
µ

1
k

ksi ¡ c(si )k + p(si ; c(si ))
¶

(3)
wherec(si ) is theclosestcontourpoint to point si .

3.3 Spatio-Temporal TemplateMatching

Insteadof single silhouettematching,we matchour tem-
platesmadeof severalsilhouettesagainstportionsof these-
quence.Let the input imagesequencebethesetof images
I 1; I 2; : : : ; I t ; : : : ; I t max , wheret representsthediscretized
timeandtmax thetimeatwhichthelastframewasacquired.
EachtemplateT createdasexplainedin Section3.1is made
of a sequenceof silhouettes:T = f T1; : : : ; Ti ; : : : ; TN S g,
wherei is the index of the silhouettein the sequenceand
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Figure4: A spatio-temporaltemplatematchedagainstconsecutive imagesof thesequence.

NS the numberof silhouettesin the templates.In our ex-
periments,we took NS = 3 but it could be higher. An
exampleof templatematchedagainsta portionof animage
sequenceis presentedFig. 4. Notethat,for thesakeof sim-
plicity, thetemplatescaleis notexplicitly representedin the
following.

Let I (x;y )
t be the rectangularpatchof imageI t whose

upper-left corneris positionedat (x; y) and that is of the
samesizeof thetemplates.Ar ea(x; y) denotesanareacen-
teredon point (x; y) wherex ¡ dx < x < x + dx and
y ¡ dy < y < y + dy, wheredx anddy areproportionalto
thetemplatescale.

Using thesenotations,we take the distanceD between
NS consecutive input imagesI t +1 : : : I t + N S andatemplate
T locatedatpixel (x; y) to be

D(T; x; y; I t +1 : : : I t + N S ) =
1

NS

N SX

i =1

di (x; y; T); (4)

di (x; y; T) = min
( x 0;y 0) 2

Ar ea ( x;y )

dchamf er

³
Ti ; I (x 0;y 0)

t + i

´
: (5)

This allows smallvariationson thelocationsof thesuc-
cessive silhouettesof a template. The templatescan then
bematchedagainstthesequenceby looking for local min-
ima of thedistanceD(:) whenvarying the templateT, the
location(x; y) over theimagesandt over time.

However, if we directly searchfor the bestmatchesin
a exhaustive way, we would get several responsesfor the
samepersonaroundthecorrectlocationandtime. To avoid
that, we rely on the following strategy. Let the matchbe-
tweenan input sequenceof NS framesand a templateT
be thevectorm = [Tm ; tm ; xm ; ym ; Dm ]T . We build the
sortedlist L of m i vectorssortedaccordingto their dis-
tancesDm asfollows. For eacht = 1: : : tmax ¡ NS we
�nd thebestmatchm accordingto D m andinsertit in the
sortedlist L . We repeatthis parsingof the sequenceuntil
thedistanceDm fallsaboveagiventhresholdµD excluding
the matchesalreadypresentin L . µD canbe dynamically
chosenasdiscussedbelow. Thisgivesusasinglematchper

personbecausea matchm is insertedinto thelist L only if
it doesnotoverlapeitherin spaceor timeanothermatchm 0

alreadyin L with a smallerdistance.More formally m is
insertedif thereis nomatchm 0 2 L suchas:

8
<

:

D 0
m < Dm ;

(xm ; ym ) 2 Ar ea(xm 0; ym 0) and
tm 0 ¡ ±t < tm < tm 0 + ±t

; (6)

where±t is a constantthat de�nes a frame rangewithin
whichmultipledetectionsin thesameareaarenotallowed.
Finally, we end up with the sortedlist of matchesL for
the whole input sequence.Assumingthe bestmatchto be
correct, it is possibleto dynamicallyset the thresholdto
µD = K D Dm 1 whereK D is thesamescalarvaluefor all
resultsshown in thispaper.

3.4 Implementation Details

In practice,a naive implementationof this methodwould
be computationallyvery expensive. Thereforewe propose
an alternative way of �nding the bestmatches. For each
time stept, we searchfor the silhouettesTi of eachtem-
plateT in the imageI t + i , 1 < i < NS . We alsobuild a
lookup tablefor a fastaccessto thesilhouettesdetectedin
animagearoundagivenlocation.As before,to avoid multi-
ple responsesfor thesameperson,we rejectdetectionsthat
overlapwith betterones.

From thesesilhouettedetections,we will build the list
L t of detectedtemplatesfor which thesilhouettesequence
startsat time t. By fusing thesuccessive lists L t while re-
spectingtheconditionsgivenin (6), weretrievethe�nal list
L describedabove.

Eachlist L t is constructedasfollows. Foreachsilhouette
Ti detectedin imageI t + i , wherei variesbetween1 andNS ,
wecheckif theothersilhouettesTj of thesametemplateT
have beendetectedaroundthe locationof Ti in the other
imagesI t + j . This searchis performedef�ciently usingthe
lookup table. If all the successive silhouettesfor a same
templatehavebeencoherentlydetected,they areinsertedas
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Figure5: Our approachis robust to changesin thecamera
position. Herethecamerais placedvery high, anda satis-
fying poseis recoveredeventhoughthereareno templates
in thedatabasefor suchcameraview.

a singletemplatein the list L t . The associateddistanceis
simply themeanof theChamferdistanceof thesuccessive
silhouettes.

Thesilhouettedetectioninvolvesmatchingall thesilhou-
ettesfrom thedatabaseagainstcorrespondingimageregion
I (x;y )

t . A naive implementationwould be computationally
very expensive asit would requirewT £ hT £ NS £ NT

operationsfor chamferscorecomputation,wherewT is the
silhouettewidth,hT is thesilhouetteheight,NS is thenum-
berof silhouettespertemplateandNT is thenumberof tem-
plates.To decreasethiscomplexity, weprecomputea list of
edgepixels that belongto at leastonedatabasesilhouette.
This list letsusreducethenumberof accessesto thecham-
fer mapto lessthanwT £ hT becauseonly thepixelsfrom
thelist areaccessed.At thesametime,therequirednumber
of operationsis reducedby a factorK ' 0:07, which is the
ratioof edgepixelsto thetemplatesize.

As aresult,it takesalittle under0.06secondsperspatio-
temporaltemplatepervideoframeon a 2.8GHz PC.Since
we use432suchtemplates,it takes25 secondsto processa
frame.This is admittedlynot particularlyfastbut adequate
to demonstratefeasibility, which is our goal. Furthermore,
sincethe currenttechniquecould be signi�cantly speeded
upby usingaGavrila like templatehierarchy, wedonotsee
any theoreticalobstacleto ultimatelyincorporatingit into a
practicalrealworld application.

Figure6: Top rows: Correctdetectionsin spiteof theclut-
tered background. Bottom row: Correct detectioneven
thoughasubstantialpartof thesilhouetteis missing.

4 Results

We have alreadyshown in Fig. 2 someof the resultsob-
tainedfrom several imagesequenceswith 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 databasearerenderedfrom virtual camerasthat are
positionedat 1.20mfrom thegroundlevel, so thatoptimal
resultscanbe expectedwhenthe camerais at that height.
However, our algorithmis very robustwith respectto cam-
eraposition.Fig.5 showsits goodbehaviour evenwhenthe
camerais placedhighabove theheadof theperson.

In Fig. 6 we further demonstratethat the detectionsare
correctevenwhentheedgeimagesarevery noisy. Further-
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Figure7: Framesfrom two differentsequencesin which our algorithm�nds only humansin thecorrectkey pose.Notethat
thecamerais moving to follow theperson.The3–D posecorrespondingto theright-mostimagesof the �rst two rows are
shown. Thesecondsequenceis suppliedasasupplementarymaterial.

more,we canmapthedetectedtemplatesbackto full 3–D
posesasshown in Fig. 5. Rememberthatourmethodis de-
signedto detectpeoplein a speci�c pose.As shown in the
walking sequencesof Fig. 7, that is exactly what it does.
Notethatthecameramovesto follow theperson.

Typical failure modesinvolve a detectionlocation that
is usuallycorrectbut an inaccurateorientationor scale,as
shown in Fig.8. To quantifythis,weestimatedtheerrorrate
on the two movies suppliedwith the paperassupplemen-
tary material. The �rst movie is depictedby the last three
rows of Fig. 7. In the 590 frameswe got 42 positives,2
falsenegativesandno falsepositives.Amongthepositives
thereare4 detectionsfor which thescaleis morethan10%
incorrect,suchas the oneshown in Fig. 8(a). In the sec-
ondmovie, depictedby thesecondandthird row of Fig. 2,
therearemultiple people.In this 445framessequence,our

algorithm�nds 37 positives,6 falsenegativesand2 false
positives.Notethatthetwo falsepositivesdocorrespondto
peoplebut not in thesearchedposture,asshown in the�rst
imageof the third row of Fig. 2. Thereareno falsepos-
itivesin the background.Among the positivesthereare5
detectionsfor which thescaleis morethan10%uncorrect,
and2 detectionsfor whichtheorientationerroris morethan
45±, suchasthe oneshown in Fig. 8(b). Like many other
approaches,our algorithmhasdif�culties to disambiguate
which leg is which in a key posein strict sideviews. How-
ever, assoonastheview changesslightly, thecorrectpose
is recognized.

In summary, ourmethoddetectspeoplein thetargetpos-
turewith a very low errorrate.Thefew falsepositivesstill
correspondto peoplebut at somewhat inaccuratescalesor
orientations. While this paperfocuseson pure detection,
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(a) (b)

Figure8: Failuremodes.(a) Wrongscale.(b) Wrongori-
entation.

it is thereforeclear that the performanceof our algorithm
couldbefurther increasedby simplespatio-temporal�lter -
ing of severalconsecutive detections.

5 Conclusion

Wehavepresentedamethodfor humanbodyposedetection
thatcombinessilhouettematchingandmotion information
in an original way. This is importantbecausehumanmo-
tion is very differentfrom otherkinds of motionsandcan
beeffectively usedto reducethefalsepositive andnegative
detectionrate. As a result, we have alreadybeenable to
demonstratevery good resultsfor indoor and outdoorse-
quencesfor which backgroundsubtractionis impossible,
underdif�cult lighting conditions,different cameraview-
pointsandapparentscalechanges.Furthermore,sincethe
detectedtemplatesareprojectionsof 3-D models,mapping
thembackfrom 2-D to full 3-D posesis straightforward.

Ourapproach,eventhoughtestedonspeci�c humanmo-
tion, is genericandcould be appliedfor any otheractions
that all peopleperform in roughly similar ways but with
substantialindividual variations. The only requirementis
thata representative motiondatabasecanbebuilt.

This method,with its accurate3–D posedetections,is a
key steptowardsrobust full 3-D body posetrackingalgo-
rithmsthatcaninitialize andre-initializethemselvesin dif-
�cult real-world conditionswheretechniquessuchasback-
groundsubtractionareimpractical.Developingsuchtracker
wouldbeour long termtaskin thefuture.
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