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Abstract

We proposea novel methodo detecthumanbodycontousin presencef
clutter and complex texture. Contouss are extractedusinga novel Markov-
basedapproadc which learns a texture along a given scanlinein order to
detecttexture crossings.In contrastto corventionalsilhouettedetectional-
gorithmsbasedon gradient, our texture boundarydetectionmethodallows
extraction of silhouettesof textured and non-tectured objectsunder dif -
cult conditionssud as havinga cluttered/maing badkground. We demon-
strateon demandingxamplesof monocularbodytracking that our proposed
methodyieldsbetterresultsthangradient-basededcniques.

1. Intr oduction

A numberof promisingsilhouette-basedpproacheso body trackingand humanpose
estimationhave beenproposedrecently[1, 5, 6, 9, 13]. However mostof them rely
on the fact that silhouettescan be extractedusing relatively simple algorithmssuchas
backgroundsubtraction[4] or standardedge-and gradient-basedechniqueq7, 2, 1].
However, in practice,this rarely is the caseandthesesilhouetteextractionmethodscan
be very brittle. They tendto fail in the presencef highly textured objectsand clutter,
which producetoo mary irrelevantedges.In suchsituationsijt is advantageouso detect
texture boundariesnstead. However, becausdexture sgmentationtechniquessuchas
thosebasedon graphcuts[3] requirecomputingstatisticsover imagepatchesthey are
moreusefulfor detectionin a singleimagethanfor tracking.

In this paper we overcometheselimitations by extendingan earlier texture based
approach11] thatwasinitially designedo detectthe outlinesof projectedpolygonal
objectsto nding the projectedcontoursof 3—D articulatednodelsthatareusablefor hu-
manbody tracking. To this end,we have clari ed the formulationandvalidatedit using
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Figure1: Left: Scanninga line throughmodel samplepoint p for which a 1% order
statisticalmodelassociateds usedto nd thetexturecrossingpointc. Right: An example
of outlinesof a personwearinglooseclothesandstandingagainstanothempersonin low
quality video obtainedusingour method.

extensve simulationanalysis. This improved approachallows usto obtaingoodarticu-
latedbodytrackingresultsunderdif cult conditionsdueto texturedor looseclothingand
clutteredor moving backgroundwhich demonstrateiss applicabilityundereverydaylife
situations.

Our methodis inspiredby the useof Markov processe$or texture descriptionand
segmentation.However, our requirementsliffer from thoseof classicaltexture sgmen-
tationmethodsn the sensehatwe wishto nd the optimal poseparametersatherthan
arbitraryregion boundaries Given an approximatebody poseand correspondingnodel
outlinesin theimagesuchasthoseshavn in Fig. 1-left, we modeltexturesasMarkovian
processethatgeneratgixel sequencealongscanlines perpendiculato theseprojected
outlines. Findingthe true outlinesthenbecomesquialentto detectingthe boundaryof
the two texture processesesponsiblefor the pixel intensitiesinside and outsideof the
object,which canbe donerohustly. To furtherincreasereliability, we canincorporatea
prior statisticalmodelof the known tamet, in this casethe texture insidea humanbody,
which canbeupdatedovertime.

In thefollowing sectionswe rst discussrelatedwork on trackingusingsilhouettes,
thenwe presentandvalidateour approacho boundarydetectionusing simulationsand
syntheticdata. We will thendemonstratéts effectivenesson real-databy incorporating
it into a monocularbody tracking algorithmthat cantake advantageof both silhouette
dataand2-D correspondencdsetweerframes.In particular we will shav thatusingour
approachto silhouettedetectionresultsin substantiaimprovementover standardedge-
detectionwhenthe backgrounds clutteredand changesver time. Our contritution is
thereforenot the tracking algorithmitself, which we useasa testbed but the approach
to silhouetteextraction that we adwcateand that yields the performancencreasewe
obsere.

2. RelatedWork

All methodgor inferring 3—D poseof articulatedmodelssuchaswhole bodies[1, 7, 5,
6, 9, 8] or handg[12, 2, 14] usingoccludingcontoursdependon reliably extractingthe
outlinesof the subject. For example,Kakadiarisand Metaxas[8] establishdirect cor
respondencebetweenpoints on the occludingcontoursto pointson the surfaceof the
model using projective geometry Due to projective singularity alongthe line of sight



correspondingo pointson the occludingcontoursthe succes®f this approachis highly
correlatedto how well the outlinesare extracted. This is equallytrue for the methods
suchas(1, 2] thatretrieve a registeredposebasedon how well it matcheghe outlines.
AthitsosandSclarof [2] proposea methodthatcangenerat@a rankedlist of plausible3—
D handcon gurationsthatbestmatchaninputimage. Probabilisticline matchingusing
Euclidearembeddingf Chamferdistancesrom a setof referencémagess usedfor im-
agedatabaseindexing. Their methodyieldsgoodresultsin presencef clutter However
thisrequiresarich databasavith a highnumberof referencémagedor embeddingf the
distanceransformwith enoughaccurag. Unfortunately constructiorof sucha database
is not alwayspractical,especiallyfor awholebodyscenario.

Using edgesobtainedby gradientbasedmethodsfor exampleasin [5, 7, 9, 6] is ap-
pealingdueto its simplicity andspeedbut its applicationis restrictedto the caseswvhere
thecontrasis sufcient. Furthermorethesemethodgendto fail in the presencef highly
texturedobjectsandclutter, which producetoo mary irrelevantedges.Backgroundsub-
traction[4] techniquesalsorequirea good estimationof the backgroundmagewhich
is not always possibleespeciallyif it is not static. In suchsituations,applyingtexture
segmentatiormethodsto trackingof body outlinesbecomesan attractive alternatve be-
causehey work reliably well whethercomple textureandclutterexistsor not. However
becausdexture sggmentationtechniquessuchas methodsbasedon graphcuts|[3] re-
guire computingstatisticsover imagepatchesthey tendto be computationallyintensive
and have thereforenot beenfelt to be suitablefor tracking. By contrast,the approach
presentedn this paperdoesborrown ideasfrom the texture segmentationliterature[10].
HiddenMarkov random elds appeamnaturallyin problemssuchasimagesegmentation,
wherean unknavn classassignmenhasto be estimatedrom the obsenationsat each
pixel. Recentlywe have proposedh novel texture-basedinesearchmethod[11] for tex-
ture boundarydetectionwhich canbe usedfor real-timetracking of polygonalobjects.
This methodhasthe advantageof texture segmentatiormethodsasit assumes Marko-
vian model of texture on the target and backgroundareasin spite of relying solely on
gradientor edgeinformationwhile, unlike othertexture segmentatioralgorithmsit is fast
andadaptedo trackingapplicationghanksto its model-basedtructureandline search
approach.

3 Robust Silhouette Detection

In thissectionwe describehow silhouettepointsonthebodyoutlinesaredetectedTo the
bestof ourknowledgethisis the rst timethatstatisticalmodelsusedfor texture segmen-
tation areadaptedandappliedto the problemof articulatedbody tracking. Our method
unlike corventionalsegmentationmethods,scandines for texture boundarypointsand
is fastaswell asrobustandreliablefor ary kind of objectandbackgroundexture and
complity.

The processof texture boundarydetectionstartsby obtainingand samplingthe sil-
houettesof the projectionof the predictedarticulatedmodel pose. Assumingthat each
body partin the chainof articulationsis modeledby a quadric,aswill be discussedn
sectiond the projectionof thesequadricss a setof conicsontheimageplane.Thelatter
is usedto generatea discretesetof samplepoints andthe associatechormaldirections
which correspondo the posein the previousframe. This informationsenesto estimate



a new setof silhouettepointsfor the currentframe by emplo/ing the methoddescribed
below.

3.1 Mark ov modeland texture boundary detection

Thesilhouettepointsarefoundby detectinga changdn the statisticsof thetexturealong
a scanlinenormalto the conicboundaryasshown in Fig. 1-left. We startby formalising
the searclcriteriaandderive the methodwe useto evaluatethem.

A texture is modeledas a statisticalprocesswhich generates sequencef pixels.
Theproblemis thencastasfollows: A sequencef n pixel intensities S} = (s1;%;:::5),
is assumedo have beengeneratedy two distinct texture processegachoperatingon
eitherside of an unknavn changepoint. Thusthe obsered datais consideredo have
beenproducedby the following process:First a changepoint is selecteduniformly at
randomfrom therange[1-n]. Thenthe pixelsto theleft of the changepoin{thesequence
Sj) areproducedby atexture processT; andthepixelsto theright (S, ;) areproducecby
processl,. Thetaskis thento recover ¢ from S]. If both T, and T, areknown thenthis
correspondso nding thec thatmaximises:

P(BcjTy; T2) = P(S{T1)P(S4 11 T2) 1)

with B¢ beingthe eventof having a texture boundaryat pointc. P(S]jT1) is givenby

P(SITY) = P(syT) O Psis; 1T0):
i=2

If, however, oneof the texturessay T is unknavn, thenthe term P(SjjT1) mustbe re-
placedby theintegral over all possibletexture processes:
z

P(S) = P(SIT)P(T) dT )

While it may be temptingto approximatethis by consideringonly the mostprobableT
to have generateds], this yields a poor approximationfor small datasets,suchas are
exhibitedin this problem.In [11] we have shavn thattheintegral canbe solvedin closed
form for reasonablehoicesof the prior P(T) (e.g.uniform). This gives

P(S) = P(s1) @2 P(siS{ 1)

where for auniform prior overT,

1+num(§ ;2S5 Y
i+1j1

P(sjS{ ) = ®3)
wherel is thenumberof statesn theMarkov processeser binsin theintensityhistogram,
andnum(§, ; 2 §/ 1) is numberof timesthesubstringS, ; occursin thestringS{ *.

Therefore,the changepoint can be detectedoy maximisationof P(B¢jT1; T2). The
conditionalprobability termsin Eq. 1 aregiven by a graylevel transitionmatrix W, that
allows us to computethe termsnum(S{'i 12 §j 1), while the prior is assumedo have
uniform distribution.



Figure2: Texture patternsusedto generatdestsequencesWe take the scanlinego be
verticalarraysof pixelsontheimage.(left) original and(right) noisyimages.

If the Markovian processe®n both sidesof a scanlineare assumedinknovn their
statisticscan be calculatedusing the convenientclosedform solution of the integral of
Eg. 2, asgiven by Eqg. 3. On the otherhand,we canassumehat the texture Markov
processl, whichis in our casethetexture of differentbody partsof the humansubjectis
known. Thereforethe transitionmatrix correspondingo T» is built oncein the beginning
of thetrackingprocessandusedthroughoutracking. On the otherhandthe statisticsfor
theMarkov procesdl; areassumedinknavn andarecalculatedusingEg. 3. This method
is robustandreliableunderversatileconditionswheretherecanbe clutteredpatternsor
non-texturedobjects.

As a direct extension,we canalsousescanstripesnsteadof scanlinego searchfor
texture crossings.Scanstripesire a setof parallelscanlineghatare scannedimultane-
ouslyto countthenumberof occurrencesf substrings, ; in stringS{ ! oneachscanline
independentlyThis helpsthe Eq. 3 converge fasterandaddsrobustnesgo noiseaslong
asthe isotropicmodelis valid for the texture. This is further veri ed in the following
subsection.

3.2 Validation of the silhouette extraction algorithm

Our algorithm was testedon the sequencegeneratedising randomtextures collected
from the web and stitchednext to eachotherto form a sequencef two texturesto be
separatedby our algorithm. Theoriginal testedexturesarealsoshowvn in Fig. 2 with and
withoutaddedhoiseto testthe performancef the algorithmin presenc®f noise.

Fig. 3 shawvs two sampletest sequences$without noise)andthe log probability of
the changepoinP(BjT1; T,) for all the pixels alonga sequenceThe testsequenceare
composeaf two separatéextures,with thetrueboundaryin themiddleof eachsequence.
When applicablethe transitionsmatrix is precalculatedor the left half of the scanline
usingaregion with similar texture. Fig. 3-right shavs a casewherethe scanlinesearch
with unknavn transitionmatriceshasfailed. This is dueto the uniformity of the texture
on the right sidewhich introducesa peakin the texture crossingprobability at the point
wherethis uniformity is perturbed Neverthelessit canbe seenthatusingscanstripesnd
precalculatinghetransitionmatrix addsrobustnessandpreventsthis kind of mistale.

Theglobalbehaiour of the algorithmwasalsotestedusing1000randomlyselected
sequencesom differenttextureswith varyinglengthsfrom 20to 200pixels. Fig. 4 shavs
the histogramof the absolutedifferencebetweerthe globalmaximumindex of thelog of
theprobability P(B.jT1; T2) andthetrueindex of theboundanfor differentmethodswith
differentlengthsusedfor the scanlinesand scanstripega setof 5 scanlines).In Fig. 4
we canseetwo rows correspondingo noisefree( rst row) andnoisytestimagegsecond
row). Theleftmosthistogramin eachrow correspondso the resultsusingknown target
model(transitionmatrix), thesecondistograrmis obtainedusingknowvn tamgetmodel,and
therightmostonein eachrow shavs theresultsusingscanstripeinsteadof scanlines.



Figure3: Log probability of thechangepoinbnthegraypatternshavn belov thegraphs
and where eachgray level appearsas a vertical bar Probabilitiesare obtainedusing
known statistics(solid bold line), unknavn statistics(thin solid line), scanstripeinstead
of scanlineswith known statistics(bold dottedline), andscanstripeinsteadof scanlines
with unknawn statistics(dashedhin line). Left: Probabilitymaximisationgivesthe cor
rect boundaryindex for the texture strings. We obsene that the curves obtainedwith
unknawn statisticsarerelatively at comparedo thosederived usinglearntmodels.This
shaws the advantageof using known statistics. Right: Scanlinesearchwith unknavn
statisticsfails to nd the correctboundary The scanstripesesultsare computedusing
additionalscanlinesiot shovn here.

.[<nown cooccurrence matrix

o Scanline length100 --{fl Scanstripe length100

Known cooccurrence matrix

Figure4: Histogramsof the absolutedifferencebetweenthe detectedboundaryindices
andthetrueonefor 1000trieson differenttestsequencewith varyinglengthsfrom 20to
200pixels. Firstrow is theresultson noisefree datawhile thesecondow correspondso
noisytextures.

Theseresultsshawv that the algorithm can successfullyseparatehe textureswith a
high reliability factor (alsoin presenceof noise)which increasesising scanstripesn-
steadof scanlines.It mustbe mentionedthat assumingknown statisticsmakesthe de-
tectionmorevulnerableto noiseasthe modelis not adaptedo the testsequenceluring
the probability calculation.On the otherhandwhenwe useunknownn statisticsthemodel
adaptsitself to the transitionmatrix of the noisy data. Due to this fact, the presented
histogramdfor the scanstripe®n the noisefree image(rightmosthistogramon the rst
row) areobtainedwith known statisticalmodel,while for thenoisycase(rightmostonthe
secondrow) we have assumedinknavn modelswhich adaptsetter Neverthelessthese
histogramsupportthefactthatthe combinationof this algorithmwith robustestimation
techniquedor trackingyields satisictoryresultsevenin presencef noise. The length
of scanlinealsoaffectsthe shapeof the histograms.Due to lack of spacewe only men-
tion thatincreasinghe scanlengthintroducesa moreprominentpeakaroundzerowhile
reducingtheoutliers. Our simulationsshav thatthe scanlineshouldbe atleast20 pixels
long for effective detection.



4. Monocular Body Motion Tracking

Herewe presenta testbedframewvork with a multiple cue objectie functionin orderto
useour silhouetteextractionmethodfor 3—D humanmotiontracking. Monocularvision
is challengingbecausét involvestacklingsuchdif cult issuesasambiguitiesassociated
with articulatedmotion seenfrom a singlecamerayery high dimensionakearchspaces,
partial self-occlusionsandpoorquality of imagefeaturesn the absencef marlers. We
startwith a systemthatusesfeaturepointsto trackandwe addto it contourtrackingand
ambiguity detection. For the latter we chosea methodsimilar to the one describedn
[12].

In our implementationeachbody partin the chain of articulationsis modeledby
a quadric (ellipsoid, cylinder or truncatedcone)representedy a 4£ 4 matrix Q that
describedothits shapeandits positionin spacewhichis afunctionof bodyposegsie ned
in thehypothesisset. Findingtheposein thenext frameis thencarriedout by minimising
thecostassociatetb eachhypothesisetelement.Thecostis acombinedenegy function
consistingof thefollowing terms:

E . = é-i Fjpoirt + éi Fisilhouete

= poirt — W_p0|rt kb T k2

Flsilhouete — \leilhouegg)' H (4)
i =W 'Stg

We describehesetermsin detailbelow.

Regionsinside target (term FP°™) Rokustimagepoint matchingis usedto generate
point correspondenceshich sene asobsenationsfor projectionerror minimisationin
the subsequentrames. In orderto increaseaccurag of the correspondencesye incor
porateaf ne 2—D imagemotion estimationfor matchingin the subsequenrames. The
setof matchedpointsis further re ned by robust fundamentamatrix computationand
enforcemenbf epipolargeometryconstraint®n eachbodypartseparatelyThis provides
the rst termin theenegy functiongivenby Eqg. 4, wherep; is amatchedoointin frame
t, andpy is theestimatedprojectedpoint usingmodelposecorrespondindo framet.
Target's outline (term Fsihoudtey  The detectedbody silhouettepoints obtainedusing
themethodexplainedin Section3 provide distance®ists of the castray passinghrough
agivensilhouettdmagepoints = (u®V9 from theassociateduadricQ onthemodelin
3-DspaceThesdlistancesreaddedo theenegy functionto beminimised.Thesaerms
alongwith thetermscorrespondingo theimagepoint obsenationsarerobustly weighted
using M-estimatormethodto exclude outliers (dueto noiseor local incompatibility of
thelearnedtexture) arenormalisedo have balancedmpacton the enegy function. We
choseto usethe algorithmwith known transitionmatricesfor eachbody part. Fig. 5
shaws the detectedexture boundariedor the sampledquadricsilhouettes. The search
startsfrom samplesn the projectedmodeloutlinein the previous position. This starting
pointis notnecessarilgloseto therealoutline. Thisis dueto thefactthatthemodelis an
approximatiorof thereal subjectandmorewer its posecomesfrom the previous frame.
Our methodis neverthelessbleto detectthetexture boundariesn anreliableway.

In practicenot all possiblejoint anglevaluesare acceptableandwe constrainthem
to remainwithin an acceptablegange. For eachsuchconstraintwe adda penaltyterm
whichis nonzerdf theparametegoesheyondthelimits. Anotherplausibilityfactoris the
smoothnessf motion. We supposéhatthe humanmotionis reasonablsteadyin a short
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Figure5: Examplesof the detectedsilhouettepointson the body (a, b, ¢). White circles
arethe detectedexture boundariexorrespondingo the bodyoutlines.(d) illustratesthe
training phasefor Markov texture modeling,the white patchesshav the areasusedto
computethemodelfor eachbodypart. Thisis doneby renderingtheinitial posegivenby
manualinitialisationandobtainingthe maskof its projectiononthecorrespondindgrame.

frameinterval. Thatimpliesthatbodypartsdo nottendto changalirectionabruptly This

givesthelasttermin theenegy functionof Eq. 4 whereq; is thejoint anglei atframet.

In ourimplementatiorobsenationsfrom threeadjacenframesareusedto minimisethis

objective functionfor eachhypothesis.Theresultingposeareiteratively usedin thesame
manneiby sliding the optimisationwindow overthesequence.

5 Tracking Results

Herewe presentsomeresultsobtainedusing our proposednethodon somemonocular
sequencesThe statisticalmodel of the texture of the subjectis constructedn the rst
framein termsof a transitionmatrix for eachbody partby consideringhe pixels which
lie underthe projectionof the body poseon the correspondingramewhich comesfrom
manualinitialisation. This is usuallyenoughto approximatehe statisticsof the modelof
the subjectprovided that the subjects appearancdoesnot changedramaticallythrough
outthe sequenceThe modelstatisticscanbe easilyupdatedoncein a while in the cases
wherethis conditionis notguaranteedThepatchesisedfor thistrainingphaseareshovn
in Fig. 5(d).

As an example of our experimentswith real scenesand humanmotions, next we
considera sequencef walking toward the camerawhich is inherentlydif cult dueto
considerablechangein tamget's dimensions. The rst row of Fig. 6 shavs someshots
of the original 100 frame sequencavith superimposedrackingresults. Theresultsare
furtherveri ed by resynthesisinghe sceneasseenby an arbitrarycamera.The second
row shavstheresynthesisediew of thetrackingresultsfrom frontaltop, which evidently
shav a forward motion of the modeltowardsthe camera. We have further testedthe
stability of the resultsby augmentinghe framesobtainedby a secondcamerathatwas
usedonly for veri cation andnotduringtrackingasshown in thelastrow. We compared
our algorithmfor silhouettedetectionwith agradient-basethethodandFig. 8 shaws part
of the body and the silhouettesextractedusing texture-basedleft) and gradient-based
(right).

The secondexampleis tracking of a personwearinga highly texturedtop whereas
thereis almostno texture on the arms. Moreover the backgroundis highly cluttered
and containsa moving person. Fig. 7 shavs someframesof tracking resultswith the



Figure6: Trackingresultsfor some100framesof a walking sequenceéowardsthe cam-
era.Therst row showns superimposednodel on several framesusedfor tracking. The
secondrow shaws the resynthesisediew of the tracking resultsseenfrom frontal top.
The last row validatesthe tracked 3—D poseby augmentingthe framesobtainedby a
seconccamerahatwasnot usedfor tracking.

Figure7: Trackingunderextremeconditions.Thesbjectis wearingahighly texturedtop
whereasherarmslack texture. Thebackgrounds highly clutteredandcontainsamaving
person.

superposednodel. The extractedsilhouetteqseeFig. 8-left) arelesscleancomparedo
previousresults(dueto shadavs aroundthe shouldersandhigh clutterand uctuationsin
the compleity of texture, moving backgroundetc.) but the resultsarefar morecredible
thanthe onesobtainedusinga gradient-basethethodasshavn in theright sideof Fig. 8.
In termsof processingime, the algorithmis quite fastandit takesa small fraction of a
secondo extractthe silhouettepointsfrom a givenframeon a standard®C.

6 Conclusion

In this paperwe demonstratedhe applicability of a texture-basedipproachto nding
silhouettesin the contet of monocularhumanbody tracking. We have shavn that it
allows us to obtaingoodresultsunderdif cult conditionsdueto highly textured body;
lack of texture on body parts,looseclothingandclutteredandmaving background.

The silhouettesare estimatedby projectingthe models currentcon guration into
the currentframe,computing rst orderstatisticsalonglines perpendiculato thosecon-
toursand nding textureboundariebetweerobjectandbackgroundWhile corventional
gradient-basetkechniquesare heavily usedfor outline detectionthey usuallyfail under
everydaylife situations. Our proposedalgorithm provides a reliable alternatve under



Figure8: Examplesof sil

Dmgingy,
houettesobtainedusing texture-basegroposedmethod(left)

comparedvith thoseobtainedby a gradient-basechethod(right).

thesedif cult conditions.Moreover it remainsfastandcan potentiallyleadto real-time
applications.
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