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Abstract

Weproposea novelmethodto detecthumanbodycontours in presenceof
clutter andcomplex texture. Contours are extractedusinga novel Markov-
basedapproach which learnsa texture along a givenscanlinein order to
detecttexture crossings.In contrast to conventionalsilhouettedetectional-
gorithmsbasedon gradient,our texture boundarydetectionmethodallows
extraction of silhouettesof textured and non-textured objectsunder dif�-
cult conditionssuch as havinga cluttered/moving background. We demon-
strateondemandingexamplesof monocularbodytrackingthatour proposed
methodyieldsbetterresultsthangradient-basedtechniques.

1. Intr oduction
A numberof promisingsilhouette-basedapproachesto body trackingandhumanpose
estimationhave beenproposedrecently [1, 5, 6, 9, 13]. However most of them rely
on the fact that silhouettescanbe extractedusingrelatively simplealgorithmssuchas
backgroundsubtraction[4] or standardedge-and gradient-basedtechniques[7, 2, 1].
However, in practice,this rarely is thecaseandthesesilhouetteextractionmethodscan
be very brittle. They tendto fail in the presenceof highly texturedobjectsandclutter,
which producetoo many irrelevantedges.In suchsituations,it is advantageousto detect
texture boundariesinstead. However, becausetexture segmentationtechniquessuchas
thosebasedon graphcuts[3] requirecomputingstatisticsover imagepatches,they are
moreusefulfor detectionin asingleimagethanfor tracking.

In this paper, we overcometheselimitations by extendingan earlier texture based
approach[11] that was initially designedto detectthe outlinesof projectedpolygonal
objectsto �nding theprojectedcontoursof 3–Darticulatedmodelsthatareusablefor hu-
manbodytracking. To this end,we have clari�ed theformulationandvalidatedit using
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Figure 1: Left: Scanninga line throughmodel samplepoint p for which a 1st order
statisticalmodelassociatedis usedto �nd thetexturecrossingpointc. Right: An example
of outlinesof a personwearinglooseclothesandstandingagainstanotherpersonin low
quality videoobtainedusingourmethod.

extensive simulationanalysis.This improvedapproachallows us to obtaingoodarticu-
latedbodytrackingresultsunderdif�cult conditionsdueto texturedor looseclothingand
clutteredor moving background,whichdemonstratesits applicabilityundereverydaylife
situations.

Our methodis inspiredby the useof Markov processesfor texture descriptionand
segmentation.However, our requirementsdiffer from thoseof classicaltexturesegmen-
tationmethodsin thesensethatwe wish to �nd theoptimalposeparametersratherthan
arbitraryregion boundaries.Givenanapproximatebodyposeandcorrespondingmodel
outlinesin theimagesuchasthoseshown in Fig. 1-left, we modeltexturesasMarkovian
processesthatgeneratepixel sequencesalongscanlinesperpendicularto theseprojected
outlines.Findingthetrueoutlinesthenbecomesequivalentto detectingtheboundaryof
the two texture processesresponsiblefor the pixel intensitiesinsideandoutsideof the
object,which canbedonerobustly. To further increasereliability, we canincorporatea
prior statisticalmodelof theknown target, in this casethe texture insidea humanbody,
whichcanbeupdatedover time.

In thefollowing sections,we �rst discussrelatedwork on trackingusingsilhouettes,
thenwe presentandvalidateour approachto boundarydetectionusingsimulationsand
syntheticdata. We will thendemonstrateits effectivenesson real-databy incorporating
it into a monocularbody trackingalgorithmthat cantake advantageof both silhouette
dataand2–Dcorrespondencesbetweenframes.In particular, wewill show thatusingour
approachto silhouettedetectionresultsin substantialimprovementover standardedge-
detectionwhenthe backgroundis clutteredandchangesover time. Our contribution is
thereforenot the trackingalgorithmitself, which we useasa testbed,but the approach
to silhouetteextraction that we advocateand that yields the performanceincreasewe
observe.

2. RelatedWork
All methodsfor inferring 3–D poseof articulatedmodelssuchaswholebodies[1, 7, 5,
6, 9, 8] or hands[12, 2, 14] usingoccludingcontoursdependon reliably extractingthe
outlinesof the subject. For example,KakadiarisandMetaxas[8] establishdirect cor-
respondencesbetweenpointson the occludingcontoursto pointson the surfaceof the
modelusingprojective geometry. Due to projective singularityalong the line of sight



correspondingto pointson theoccludingcontours,thesuccessof this approachis highly
correlatedto how well the outlinesareextracted. This is equally true for the methods
suchas[1, 2] that retrieve a registeredposebasedon how well it matchesthe outlines.
AthitsosandSclaroff [2] proposeamethodthatcangeneratea rankedlist of plausible3–
D handcon�gurationsthatbestmatchaninput image.Probabilisticline matchingusing
Euclideanembeddingof Chamferdistancesfrom asetof referenceimagesis usedfor im-
agedatabaseindexing. Theirmethodyieldsgoodresultsin presenceof clutter. However
thisrequiresarich databasewith ahighnumberof referenceimagesfor embeddingof the
distancetransformwith enoughaccuracy. Unfortunately, constructionof sucha database
is notalwayspractical,especiallyfor awholebodyscenario.

Usingedgesobtainedby gradientbasedmethodsfor exampleasin [5, 7, 9, 6] is ap-
pealingdueto its simplicity andspeed,but its applicationis restrictedto thecaseswhere
thecontrastis suf�cient. Furthermore,thesemethodstendto fail in thepresenceof highly
texturedobjectsandclutter, which producetoo many irrelevantedges.Backgroundsub-
traction [4] techniquesalso requirea goodestimationof the backgroundimagewhich
is not alwayspossibleespeciallyif it is not static. In suchsituations,applying texture
segmentationmethodsto trackingof bodyoutlinesbecomesanattractive alternative be-
causethey work reliablywell whethercomplex textureandclutterexistsor not. However
becausetexture segmentationtechniquessuchas methodsbasedon graphcuts [3] re-
quirecomputingstatisticsover imagepatches,they tendto becomputationallyintensive
andhave thereforenot beenfelt to be suitablefor tracking. By contrast,the approach
presentedin this paperdoesborrow ideasfrom the texture segmentationliterature[10].
HiddenMarkov random�elds appearnaturallyin problemssuchasimagesegmentation,
wherean unknown classassignmenthasto be estimatedfrom the observationsat each
pixel. Recentlywe have proposeda novel texture-basedlinesearchmethod[11] for tex-
ture boundarydetectionwhich canbe usedfor real-timetrackingof polygonalobjects.
This methodhastheadvantageof texturesegmentationmethods,asit assumesa Marko-
vian modelof texture on the target andbackgroundareasin spiteof relying solely on
gradientor edgeinformationwhile, unlikeothertexturesegmentationalgorithmsit is fast
andadaptedto trackingapplicationsthanksto its model-basedstructureandline search
approach.

3 Robust SilhouetteDetection

In thissection,wedescribehow silhouettepointsonthebodyoutlinesaredetected.To the
bestof ourknowledgethis is the�rst timethatstatisticalmodelsusedfor texturesegmen-
tationareadaptedandappliedto theproblemof articulatedbody tracking. Our method
unlike conventionalsegmentationmethods,scanslines for texture boundarypointsand
is fastaswell asrobust andreliablefor any kind of objectandbackgroundtexture and
complexity.

The processof texture boundarydetectionstartsby obtainingandsamplingthe sil-
houettesof the projectionof the predictedarticulatedmodelpose. Assumingthat each
body part in the chainof articulationsis modeledby a quadric,aswill be discussedin
section4 theprojectionof thesequadricsis a setof conicson theimageplane.Thelatter
is usedto generatea discretesetof samplepointsandthe associatednormaldirections
which correspondto theposein thepreviousframe. This informationservesto estimate



a new setof silhouettepointsfor the currentframeby employing the methoddescribed
below.

3.1 Mark ov modeland textureboundary detection

Thesilhouettepointsarefoundby detectingachangein thestatisticsof thetexturealong
a scanlinenormalto theconicboundary, asshown in Fig. 1-left. We startby formalising
thesearchcriteriaandderive themethodweuseto evaluatethem.

A texture is modeledasa statisticalprocesswhich generatesa sequenceof pixels.
Theproblemis thencastasfollows: A sequenceof n pixel intensities,Sn

1 = (s1;s2; :::sn),
is assumedto have beengeneratedby two distinct texture processeseachoperatingon
eithersideof an unknown changepoint. Thusthe observed datais consideredto have
beenproducedby the following process:First a changepointc is selecteduniformly at
randomfrom therange[1-n]. Thenthepixelsto theleft of thechangepoint(thesequence
Sc

1) areproducedby atextureprocessT1 andthepixelsto theright (Sn
c+ 1) areproducedby

processT2. Thetaskis thento recover c from Sn
1. If bothT1 andT2 areknown thenthis

correspondsto �nding thec thatmaximises:

P(BcjT1;T2) = P(Sc
1jT1)P(Sn

c+ 1jT2) (1)

with Bc beingtheeventof having a textureboundaryatpoint c. P(Sc
1jT1) is givenby

P(Sc
1jT1) = P(s1jT1)

c

Õ
i= 2

P(si jsi¡ 1;T1):

If, however, oneof the texturessayT1 is unknown, thenthe term P(Sc
1jT1) mustbe re-

placedby theintegral overall possibletextureprocesses:

P(Sc
1) =

Z
P(Sc

1jT)P(T) dT (2)

While it may be temptingto approximatethis by consideringonly the mostprobableT
to have generatedSc

1, this yields a poor approximationfor small datasets,suchasare
exhibitedin thisproblem.In [11] wehaveshown thattheintegralcanbesolvedin closed
form for reasonablechoicesof theprior P(T) (e.g.uniform). Thisgives

P(Sc
1) = P(s1)

c

Õ
i= 2

P(si jSi¡ 1
1 )

where,for auniformprior over T,

P(si jSi¡ 1
1 ) =

1+ num(Si
i¡ 1 2 Si¡ 1

1 )
i + I ¡ 1

(3)

whereI is thenumberof statesin theMarkov processesor binsin theintensityhistogram,
andnum(Si

i¡ 1 2 Si¡ 1
1 ) is numberof timesthesubstringSi

i¡ 1 occursin thestringSi¡ 1
1 .

Therefore,the changepoint canbe detectedby maximisationof P(BcjT1;T2). The
conditionalprobability termsin Eq. 1 aregivenby a graylevel transitionmatrixW, that
allows us to computethe termsnum(Si

i¡ 1 2 Si¡ 1
1 ), while the prior is assumedto have

uniformdistribution.
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Figure2: Texture patternsusedto generatetestsequences.We take the scanlinesto be
verticalarraysof pixelson theimage.(left) originaland(right) noisyimages.

If the Markovian processeson both sidesof a scanlineareassumedunknown their
statisticscanbe calculatedusingthe convenientclosedform solutionof the integral of
Eq. 2, as given by Eq. 3. On the otherhand,we canassumethat the texture Markov
processT2 which is in ourcasethetextureof differentbodypartsof thehumansubjectis
known. Thereforethetransitionmatrix correspondingto T2 is built oncein thebeginning
of thetrackingprocessandusedthroughouttracking.On theotherhandthestatisticsfor
theMarkov processT1 areassumedunknown andarecalculatedusingEq.3. Thismethod
is robustandreliableunderversatileconditionswheretherecanbeclutteredpatternsor
non-texturedobjects.

As a directextension,we canalsousescanstripesinsteadof scanlinesto searchfor
texturecrossings.Scanstripesarea setof parallelscanlinesthatarescannedsimultane-
ouslyto countthenumberof occurrencesof substringSi

i¡ 1 in stringSi¡ 1
1 oneachscanline

independently. This helpstheEq.3 convergefasterandaddsrobustnessto noiseaslong
asthe isotropicmodel is valid for the texture. This is further veri�ed in the following
subsection.

3.2 Validation of the silhouetteextraction algorithm

Our algorithm was testedon the sequencesgeneratedusing randomtexturescollected
from the web andstitchednext to eachother to form a sequenceof two texturesto be
separatedby ouralgorithm.Theoriginal testedtexturesarealsoshown in Fig. 2 with and
withoutaddednoiseto testtheperformanceof thealgorithmin presenceof noise.

Fig. 3 shows two sampletest sequences(without noise)and the log probability of
thechangepointP(BcjT1;T2) for all thepixelsalonga sequence.The testsequencesare
composedof two separatetextures,with thetrueboundaryin themiddleof eachsequence.
Whenapplicablethe transitionsmatrix is precalculatedfor the left half of the scanline
usinga region with similar texture. Fig. 3-right shows a casewherethescanlinesearch
with unknown transitionmatriceshasfailed. This is dueto theuniformity of thetexture
on theright sidewhich introducesa peakin the texturecrossingprobabilityat thepoint
wherethisuniformity is perturbed.Nevertheless,it canbeseenthatusingscanstripesand
precalculatingthetransitionmatrixaddsrobustnessandpreventsthiskind of mistake.

Theglobalbehaviour of thealgorithmwasalsotestedusing1000randomlyselected
sequencesfrom differenttextureswith varyinglengthsfrom 20to 200pixels.Fig.4 shows
thehistogramof theabsolutedifferencebetweentheglobalmaximumindex of thelog of
theprobabilityP(BcjT1;T2) andthetrueindex of theboundaryfor differentmethodswith
different lengthsusedfor the scanlinesandscanstripes(a setof 5 scanlines).In Fig. 4
wecanseetwo rowscorrespondingto noisefree(�rst row) andnoisytestimages(second
row). The leftmosthistogramin eachrow correspondsto theresultsusingknown target
model(transitionmatrix),thesecondhistogramisobtainedusingknown targetmodel,and
therightmostonein eachrow shows theresultsusingscanstripesinsteadof scanlines.
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Figure3: Log probabilityof thechangepointonthegraypatternsshown below thegraphs
and whereeachgray level appearsas a vertical bar. Probabilitiesare obtainedusing
known statistics(solid bold line), unknown statistics(thin solid line), scanstripesinstead
of scanlineswith known statistics(bold dottedline), andscanstripesinsteadof scanlines
with unknown statistics(dashedthin line). Left: Probabilitymaximisationgivesthecor-
rect boundaryindex for the texture strings. We observe that the curves obtainedwith
unknown statisticsarerelatively �at comparedto thosederivedusinglearntmodels.This
shows the advantageof usingknown statistics. Right: Scanlinesearchwith unknown
statisticsfails to �nd the correctboundary. The scanstripesresultsarecomputedusing
additionalscanlinesnot shown here.
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Figure4: Histogramsof the absolutedifferencebetweenthe detectedboundaryindices
andthetrueonefor 1000triesondifferenttestsequenceswith varyinglengthsfrom 20to
200pixels.First row is theresultsonnoisefreedatawhile thesecondrow correspondsto
noisytextures.

Theseresultsshow that the algorithmcansuccessfullyseparatethe textureswith a
high reliability factor (also in presenceof noise)which increasesusingscanstripesin-
steadof scanlines.It mustbe mentionedthat assumingknown statisticsmakesthe de-
tectionmorevulnerableto noiseasthemodelis not adaptedto the testsequenceduring
theprobabilitycalculation.Ontheotherhandwhenweuseunknown statistics,themodel
adaptsitself to the transitionmatrix of the noisy data. Due to this fact, the presented
histogramsfor the scanstripeson the noisefree image(rightmosthistogramon the �rst
row) areobtainedwith known statisticalmodel,while for thenoisycase(rightmostonthe
secondrow) we have assumedunknown modelswhich adaptsbetter. Nevertheless,these
histogramssupportthefactthatthecombinationof this algorithmwith robustestimation
techniquesfor trackingyieldssatisfactoryresultseven in presenceof noise. The length
of scanlinealsoaffectstheshapeof thehistograms.Dueto lack of spacewe only men-
tion that increasingthescanlengthintroducesa moreprominentpeakaroundzerowhile
reducingtheoutliers.Oursimulationsshow thatthescanlinesshouldbeat least20pixels
long for effective detection.



4. Monocular Body Motion Tracking
Herewe presenta testbedframework with a multiple cueobjective function in orderto
useour silhouetteextractionmethodfor 3–D humanmotiontracking. Monocularvision
is challengingbecauseit involvestacklingsuchdif�cult issuesasambiguitiesassociated
with articulatedmotionseenfrom a singlecamera,very high dimensionalsearchspaces,
partialself-occlusions,andpoorquality of imagefeaturesin theabsenceof markers.We
startwith a systemthatusesfeaturepointsto trackandwe addto it contourtrackingand
ambiguitydetection. For the latter we chosea methodsimilar to the onedescribedin
[12].

In our implementation,eachbody part in the chain of articulationsis modeledby
a quadric(ellipsoid, cylinder or truncatedcone)representedby a 4£ 4 matrix Q that
describesbothits shapeanditspositionin space,whichisafunctionof bodyposesde�ned
in thehypothesisset.Findingtheposein thenext frameis thencarriedoutby minimising
thecostassociatedto eachhypothesissetelement.Thecostis acombinedenergy function
consistingof thefollowing terms:

F = å i F
point

i + å i F
silhouette
i

F point
i = wpoint

i kbpi ¡ pik
2

Fsilhouette
i = wsilhouette

i Dist2si

(4)

Wedescribethesetermsin detailbelow.
Regionsinside target (term F point ) Robust imagepoint matchingis usedto generate
point correspondenceswhich serve asobservationsfor projectionerror minimisationin
thesubsequentframes. In orderto increaseaccuracy of thecorrespondences,we incor-
porateaf�ne 2–D imagemotionestimationfor matchingin thesubsequentframes.The
setof matchedpoints is further re�ned by robust fundamentalmatrix computationand
enforcementof epipolargeometryconstraintsoneachbodypartseparately. Thisprovides
the�rst termin theenergy functiongivenby Eq. 4, wherepi is a matchedpoint in frame
t, andbpi is theestimatedprojectedpointusingmodelposecorrespondingto framet.
Target's outline (term Fsilhouette) The detectedbody silhouettepointsobtainedusing
themethodexplainedin Section3 providedistancesDistsi of thecastraypassingthrough
a givensilhouetteimagepoint si = (u0;v0) from theassociatedquadricQ on themodelin
3–Dspace.Thesedistancesareaddedto theenergy functiontobeminimised.Theseterms
alongwith thetermscorrespondingto theimagepointobservationsarerobustlyweighted
usingM-estimatormethodto excludeoutliers (due to noiseor local incompatibility of
the learnedtexture)arenormalisedto have balancedimpacton theenergy function. We
choseto usethe algorithm with known transitionmatricesfor eachbody part. Fig. 5
shows the detectedtexture boundariesfor the sampledquadricsilhouettes.The search
startsfrom sampleson theprojectedmodeloutlinein thepreviousposition.This starting
point is notnecessarilycloseto therealoutline.This is dueto thefactthatthemodelis an
approximationof therealsubjectandmoreover its posecomesfrom thepreviousframe.
Ourmethodis neverthelessableto detectthetextureboundariesin anreliableway.

In practicenot all possiblejoint anglevaluesareacceptableandwe constrainthem
to remainwithin an acceptablerange. For eachsuchconstraint,we adda penaltyterm
whichis nonzeroif theparametergoesbeyondthelimits. Anotherplausibilityfactoris the
smoothnessof motion.Wesupposethatthehumanmotionis reasonablysteadyin ashort
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Figure5: Examplesof thedetectedsilhouettepointson thebody(a, b, c). White circles
arethedetectedtextureboundariescorrespondingto thebodyoutlines.(d) illustratesthe
training phasefor Markov texture modeling,the white patchesshow the areasusedto
computethemodelfor eachbodypart.This is doneby renderingtheinitial posegivenby
manualinitialisationandobtainingthemaskof its projectiononthecorrespondingframe.

frameinterval. Thatimpliesthatbodypartsdonot tendto changedirectionabruptly. This
givesthelasttermin theenergy functionof Eq. 4 whereq t

i is thejoint anglei at framet.
In our implementationobservationsfrom threeadjacentframesareusedto minimisethis
objective functionfor eachhypothesis.Theresultingposeareiteratively usedin thesame
mannerby sliding theoptimisationwindow over thesequence.

5 Tracking Results

Herewe presentsomeresultsobtainedusingour proposedmethodon somemonocular
sequences.The statisticalmodelof the texture of the subjectis constructedin the �rst
framein termsof a transitionmatrix for eachbodypartby consideringthepixelswhich
lie undertheprojectionof thebodyposeon thecorrespondingframewhich comesfrom
manualinitialisation.This is usuallyenoughto approximatethestatisticsof themodelof
thesubjectprovidedthat thesubject's appearancedoesnot changedramaticallythrough
out thesequence.Themodelstatisticscanbeeasilyupdatedoncein a while in thecases
wherethisconditionis notguaranteed.Thepatchesusedfor this trainingphaseareshown
in Fig. 5(d).

As an exampleof our experimentswith real scenesand humanmotions,next we
considera sequenceof walking toward the camerawhich is inherentlydif�cult due to
considerablechangein target's dimensions.The �rst row of Fig. 6 shows someshots
of the original 100 framesequencewith superimposedtrackingresults. The resultsare
furtherveri�ed by resynthesisingthesceneasseenby anarbitrarycamera.Thesecond
row showstheresynthesisedview of thetrackingresultsfrom frontal top,whichevidently
show a forward motion of the model towardsthe camera. We have further testedthe
stability of the resultsby augmentingthe framesobtainedby a secondcamerathat was
usedonly for veri�cation andnot duringtrackingasshown in thelastrow. We compared
ouralgorithmfor silhouettedetectionwith agradient-basedmethodandFig. 8 showspart
of the body and the silhouettesextractedusing texture-based(left) and gradient-based
(right).

The secondexampleis trackingof a personwearinga highly texturedtop whereas
there is almostno texture on the arms. Moreover the backgroundis highly cluttered
andcontainsa moving person. Fig. 7 shows someframesof tracking resultswith the



Figure6: Trackingresultsfor some100framesof a walking sequencetowardsthecam-
era.The�rst row shows superimposedmodelon several framesusedfor tracking. The
secondrow shows the resynthesisedview of the trackingresultsseenfrom frontal top.
The last row validatesthe tracked 3–D poseby augmentingthe framesobtainedby a
secondcamerathatwasnotusedfor tracking.

Figure7: Trackingunderextremeconditions.Thesubjectis wearingahighly texturedtop
whereasherarmslack texture.Thebackgroundis highly clutteredandcontainsamoving
person.

superposedmodel. Theextractedsilhouettes(seeFig. 8-left) arelesscleancomparedto
previousresults(dueto shadowsaroundtheshouldersandhighclutterand�uctuationsin
thecomplexity of texture,moving background,etc.) but theresultsarefar morecredible
thantheonesobtainedusingagradient-basedmethodasshown in theright sideof Fig. 8.
In termsof processingtime, thealgorithmis quite fastandit takesa small fractionof a
secondto extractthesilhouettepointsfrom agivenframeonastandardPC.

6 Conclusion

In this paperwe demonstratedthe applicability of a texture-basedapproachto �nding
silhouettesin the context of monocularhumanbody tracking. We have shown that it
allows us to obtaingoodresultsunderdif�cult conditionsdueto highly texturedbody,
lackof textureonbodyparts,looseclothingandclutteredandmoving background.

The silhouettesare estimatedby projecting the model's currentcon�guration into
thecurrentframe,computing�rst orderstatisticsalonglinesperpendicularto thosecon-
toursand�nding textureboundariesbetweenobjectandbackground.While conventional
gradient-basedtechniquesareheavily usedfor outlinedetection,they usuallyfail under
everydaylife situations. Our proposedalgorithm provides a reliable alternative under



Figure8: Examplesof silhouettesobtainedusingtexture-basedproposedmethod(left)
comparedwith thoseobtainedby agradient-basedmethod(right).

thesedif�cult conditions.Moreover it remainsfastandcanpotentiallyleadto real-time
applications.

References
[1] Ankur Agarwal and Bill Triggs. 3d humanposefrom silhouettesby relevancevector regression. In

ConferenceonComputerVisionandPatternRecognition, 2004. to appear.

[2] VassilisAthitsosandStanSclaroff. Estimating3d handposefrom a clutteredimage. In Conferenceon
ComputerVisionandPatternRecognition, pages432–439,Madison,WI, June2003.

[3] A. Blake, C. Rother, M. Brown, P. Perez,andP. Torr. Interactive imagesegmentationusinganadaptive
gmmrfmodel. In EuropeanConferenceonComputerVision, volume1, pages428–441,2004.

[4] J.W. Davis andA.F. Bobick. A robust human-silhouetteextractiontechniquefor interactive virtual en-
vironments.In Workshopon ModellingandMotion Capture Techniquesfor Virtual Environments, pages
12–25,Geneva,Switzerland,November1998.

[5] J. Deutscher, A. Blake, andI. Reid. ArticulatedBody Motion Captureby AnnealedParticle Filtering.
In Conferenceon ComputerVision andPatternRecognition, pages2126–2133,Hilton HeadIsland,SC,
2000.

[6] T. DrummondandR. Cipolla. Real-timevisual trackingof complex structures.IEEE Transactionson
PatternAnalysisandMachineIntelligence, 27(7):932–946,july 2002.

[7] D.M. Gavrila andL. Davis. 3d model-basedtrackingof humansin action: A multi-view approach.In
ConferenceonComputerVisionandPatternRecognition, pages73–80,SanFrancisco,CA, June1996.

[8] I.A. KakadiarisandD. Metaxas.Model basedestimationof 3d humanmotion with occlusionbasedon
active multi-viewpoint selection. In Conferenceon ComputerVision and Pattern Recognition, page81,
SanFrancisco,CA, June1996.

[9] AnuragMittal, Liang Zhao, andLarry S. Davis. Humanbody poseestimationusing silhouetteshape
analysis. In IEEE Conferenceon AdvancedVideo and SignalBasedSurveillance(AVSS'03), page263,
Miami, Florida,2003.

[10] E. Ozyildiz. Adaptive textureandcolor segmentationfor trackingmoving objects.Master's thesis,Penn-
sylvaniaStateUniversity, 1999.

[11] A. Shahrokni,T. Drummond,andP. Fua. TextureBoundaryDetectionfor Real-Time Tracking. In Euro-
peanConferenceonComputerVision, pagesVol II: 566–577,Prague,CzechRepublic,May 2004.

[12] N. Shimada,Y Shitirai, Y. Kuono,andJ. Miura. HandGestureEstimationandModel Re�nementusing
MonocularCamera– Ambiguity Limitation by InequalityConstraints.In AutomatedFaceand Gesture
Recognition, pages268–273,Nara,Japan,1998.

[13] C. Sminchisescuand B. Triggs. Kinematic JumpProcessesfor Monocular3D HumanTracking. In
ConferenceonComputerVisionandPatternRecognition, volumeI, page69,Madison,WI, June2003.

[14] A. Thayananthan,B. Stenger, P.H.S.Torr, andR. Cipolla. TrackingArticulatedHandMotion usinga
KinematicPrior. In British MachineVisionConference, pages589–598,Norwich,UK, 2003.


