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Abstract

Thispaperadvocatesan implicit-surfacerepresentation
of generic 3–D surfacesto take advantage of occluding
edgesin a very robust way. This lets us exploit silhouette
constraints in uncontrolled environmentsthat may involve
occlusionsand changingor cluttered backgrounds,which
limit theapplicabilityof mostsilhouettebasedmethods.

Thisdesirablebehavioris completelyindependentfrom
the way the surfacedeformationsare parametrized. To
showthis, wedemonstrateour techniquein threeverydif-
ferent cases:Modelingthe deformationsof a pieceof pa-
per representedbyanordinary triangulatedmesh;tracking
a person's shoulders whosedeformationsare expressedin
termsof Dirichlet FreeForm Deformations;reconstructing
theshapeof a humanfaceparametrizedin termsof a Prin-
cipal ComponentAnalysismodel.

1 Intr oduction

Occluding contoursare a key clue to recovering the
shapeof smoothand potentially deformablesurfacesin
monocularsequencesandthey have beenusedextensively
for this purpose. However, becauseextracting them reli-
ably againstpotentiallyclutteredor changingbackgrounds
,is dif�cult, mostof thepublishedwork involvesengineer-
ing theenvironmentto make this taskeasier.

In thiswork, weshow thatrepresentinggeneric3-D sur-
facesasimplicit surfacesallowsusto takeadvantageof oc-
cludingcontourconstraintsin sucharobustwaythatwecan
modelsmoothsurfaceseven whenthe boundarydetection
algorithm[3] we useis far from reliable. Furthermore,it
alsoletsuseffectively combinesilhouetteinformationwith
that provided by interestpoints that can be tracked from
imageto image. This is importantbecausethis may mean
thedifferencebetweentheability or theinability to exploit
silhouettesin uncontrolledreal-world situationswhereoc-
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clusionsanddif�cult backgroundsoftendegradetheoutput
of eventhebestedgedetectionalgorithms.

More speci�cally, we useimplicit meshes[9], whichare
implicit surfacesthat closelyapproximategenerictriangu-
lar 3-D meshesanddeformin tandemwith them.This for-
mulationallowsusto robustlydetecttheoccludingcontours
onthe3-D surfaceasthesolutionof anordinarydifferential
equation[13]. Their projectionscanthenbeusedto search
for thetrueimageboundariesanddeformthe3–Dmodelso
thatit projectscorrectly.

This well-formalized approachyields a robust imple-
mentationthat we demonstratefor monoculartracking of
deformable3–D objectsin a completelyautomatedfash-
ion: We startwith a generic3-D modelof thetargetobject,
�nd its occludingcontours,andusethemto searchfor the
correspondingcontoursin the images.We thenusethede-
tected2-D contoursandtheconstraintsthey impose,along
with somefeatureinformation when available, to deform
themodel.

This approachis effective independentlyof the speci�c
way the deformationsareparametrized.We validatedthe
tracker in severalvery differentcases:Modelingthedefor-
mationsof a pieceof paperrepresentedby anordinarytri-
angulatedmesh;trackingaperson'sshoulderswhosedefor-
mationsareexpressedin termsof Dirichlet FreeForm De-
formations[12]; reconstructingthe shapeof a humanface
parametrizedin termsof a PrincipalComponentAnalysis
model[1, 7].

In theremainderof thepaper, we �rst review relatedap-
proachesandour earlierwork [9] on implicit meshes.We
then show how we usethem �rst to guide the searchfor
silhouettesin the images,andsecondto enforcethecorre-
spondingdifferentialconstraintson thesurface.Finally, we
discussour resultsin moredetails.

2 RelatedWork

Occludingcontourshave long beenknown to be an ex-
cellentsourceof informationfor surfacereconstruction,and
sometimesthe only availableonewhenthe surfaceslants
awayfrom thecameraandmakesit impracticalto useother



Figure 1: Appr oximating an explicit mesh by an
implicit one . Top row: Spherical implicit meshes
wrapped around an explicit mesh and sho wn as
being transparent. Bottom row: Triangular implicit
meshes. Note the much impr oved appr oximation.

approachessuchasfeaturepoint matching. This informa-
tion hasbeenput to very goodeffect by many researchers,
including [16, 20, 6, 17, 2, 5, 18] amongmany others. In
many of theseworks,thetechniqueusedto actuallyextract
the occludingcontoursis often fairly straightforward. It
canbe simple edgedetectionand linking [3], active con-
tour models[10], or spacecarving [11]. However, while
perfectlyappropriatein thecontext in which they areused,
thesemethodswould fail in the presenceof clutteredand
changingbackgrounds.

Detectingoccludingcontoursin suchsituationsrequires
much more sophisticatedalgorithms. Recentcolor and
texture-basedsegmentationalgorithms[14, 4] have proved
verygoodat this. However, sincethey areessentially2–D,
it is nottrivial to guaranteethattheoutlinesthey produceac-
tually correspondto thetargetobject'soccludingcontours.

A popularsolution to this problemamongresearchers
involvedin trackingarticulatedor rigid objectsis to model
themusingvolumetricprimitiveswhoseoccludingcontours
canbecomputedgivena poseestimate[8, 15]. Thesecon-
tours are then usedto searchfor the true image bound-
ariesin directionsthat arenormal to them. This is effec-
tive but hasonly beendemonstratedfor relatively simple
shapessuchasellipsoidsandtruncatedcones.Thework we
presentherecanbe understoodasa generalizationof this
approachto morecomplex surfacesthatcandeformin less
predictableways.

3 Implicit Meshes

In earlierwork, we introducedimplicit meshes[9]. They
are implicit surfacesthat aredesignedto closelyapproxi-
matetheshapeof arbitrarytriangulatedmeshesandto de-

form in tandemwith them,asshown in Fig. 1. To converta
triangulatedmeshinto animplicit one,weattachaspherical
or triangularimplicit surfaceprimitive, andcorresponding
�eld function f , to eachfacet. We thende�ne the surface
as the setS(� ) = f x 2 R3 ; F (x; � ) = Tg ; where
F =

P
f i ; i = 1::N is thesumof theindividual �eld func-

tions,onefor eachof theN meshfacets,� a setof param-
etersor statevector that controlsthe shapeof the explicit
mesh,andT a �x edisovalue.

A sphericalprimitive is createdby circumscribinga
spherearoundthe faceti so that the centersof the sphere
andof the circle circumscribedaroundthe facetcoincide.
In thiscase,f i simply is f i (x) = exp(� k(r i (x) � r 0

i )) i =
1::N ; wherex is a 3–D point, r i is theEuclideandistance
to thesphere'scenter, r 0

i is theradiusof thesphericalprimi-
tiveandk is a freecoef�cient de�ning slopeof thepotential
�eld function.For triangularprimitives,we replacetheEu-
clideandistancer i by a piecewisepolynomialC2 function
di thatmoreaccuratelyapproximatestheactualdistanceto
thefaceti . di is computedasthesquqreddistancefrom the
facetplanefor points that project on the facetandas the
distancefrom its edgesandverticesotherwise.f i becomes
f i (x) = exp(� k(di (x) � d2

0)) ; whichhasalmostthesame
form asbefore,but whered0 now representsthe thickness
of theimplicit surfaceandis thesamefor all facets.

Spherical primitives are best for relatively regular
meshesbecausethey arecomputationallyinexpensive. Tri-
angularprimitivesaremoreexpensivebut alsomoregeneral
andprovidebettersurfaceapproximations,especiallywhen
the explicit meshis either irregular or low resolution. In
any event, the methodproposedin this paperis applicable
to bothsinceit only dependsonthesurfacedifferentiability.

4 SilhouetteDetection

As discussedearlier, giventheestimatedshapeandpose
of a 3–D model, our goal is to computeits 3–D occlud-
ing contours,projecttheminto the imageandusethatpro-
jection as a startingguessto �nd the correspondingim-
ageboundaries,which shouldbe the real silhouettes. In
this section,we �rst show someof the problemsinvolved
in performingthis task using traditional techniques. We
thenshow thatourimplicit meshformalismsolvesthemand
givesuscleanerandmoreconsistentresults,whichcanthen
beexploitedto detecttheright imageboundaries.

4.1 Occluding Contours fr om Explicit Meshes

In theabsenceof theimplicit surfaceformalismwe pro-
pose,one of the most popularways of �nding occluding
contoursis to performa visibility computation:For exam-
ple, we canuseOpenGLto projectthemodelinto the im-
agesand �ag the hiddenfacets. The edgesat the border



(a) (b) (c) (d) (e)

Figure 2: Occluding contour s on explicit versus implicit meshes. (a) High resolution mesh of the face
and low resolution mesh of the upper bod y. (b) Shaded model with eges at the boundar y between visib le
and hid den facets overlaid in yello w. (c) The same edges seen from a diff erent viewpoint (d,e) Shaded
models with the occ luding contour computed using implicit mesh, corresponding to views (b) and (c)
respectivel y. Note the much greater smoothness and impr oved precision.

betweenvisible andinvisible facetswhosenormalssatisfy
theappropriateconstraintscanthenbetreatedascandidate
occludingcontours.

As shown in Fig. 2(b,c),theresultsof this procedureare
heavily dependentonmeshresolutionandtheresultingcon-
toursarerarelyassmoothasthey should.Of course,more
sophisticatedheuristicswould certainlyyield improvedre-
sultsbut we arenot awareof any existing techniquewhose
resultsare as clean and mesh-resolutionindependentas
thoseof Fig. 2(d,e),whichwereobtainedusingour implicit
surfaceformalism.

4.2 Occluding Contours and ODE

As shown in [13], occludingcontoursof implicit sur-
facescanbefoundby solvinganordinarydifferentialequa-
tion (ODE)asfollows: Let x(t); t 2 [0; 1] bea3–Docclud-
ing contouron theimplicit surfaceS(� ) of Sec.3, suchas
theonedepictedby Fig. 3. For all valuesof t,

1. x(t) is on thesurfaceandthereforeF (x(t); � ) = T;

2. theline of sightis tangentialto thesurfaceatx(t).

This implies [13] that x(t); t 2 [0; 1] is a solutionof the
ODE

@x(t)
@t

=
(H (x (t))( x (t) � COpt )) � 5 F (x (t); � )

k(H (x (t))( x (t) � COpt )) � 5 F (x (t); � )k
(1)

whereH (x(t)) is the Hessianmatrix of F , 5 F (x(t)) its
gradientvectorandCOpt theopticalcenterof thecamera,
asshown in Fig. 3.

Solving this ODE requiresanappropriatestartingpoint
x(0), that is one3–D point on the occludingcontour. To
�nd onesinglevertex of theexplicit meshthatis very likely
to beanoccludingvertex, weuseavisibility algorithmsim-
ilar to theonedescribedin Section4.1. We thenprojectit
onto the implicit meshandsearchin the neighborhoodof
theprojectionfor a point thatsatis�esthetwo abovestated
constraints. Note that this is very different from the ap-
proachof Section4.1because,sinceweonly needone3–D
point,we canimposevery tight constraintsandthusensure
thatit really is on theoccludingcontour. This resultsin the
very cleancontoursof Fig. 2(d,e)thatarequite insensitive
to theresolutionof themeshusedto computethem.

4.3 Finding SilhouetteEdgesin the Image

Given a 3–D occludingcontourx(t) computedas de-
scribedabove,we projectit into theimageandlook for the
truesilhouetteedgein a directionnormalto its 2–Dprojec-
tion asdepictedin Fig. 3. This is geometricallyconsistent
because,at a silhouettepoint x i 2 x(t); t 2 [0; 1], the3–D
surfacenormaln is perpendicularto theline of sightl i and,
asa result,projectsto thenormalnp of the2–Dcontour.

In otherwords,at eachpoint u i of the 2–D projection,
we simply have to performa 1–D searchalonga scan-line
for the true edgelocationandwe arebackto the old edge
detectionproblem,but in amuchsimplercontext thanusual.
Weuseatechniquethathasprovedeffectivefor edge-based
tracking [19, 8]: Insteadof selectingone arbitrary gradi-
ent maximumalongthe scan-line,we selectmultiple gra-
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Figure 3: Finding multiple silhouette edge points
in the image. Notations are de�ned in Section 4.3

dientmaximaresultingin severalpotentialsilhouetteedge
pointsu j

i andcorrespondinglines of sight l j
i for eachx i .

Along thesenew lines of sight, we could choosethe x j
i

wherethe line is closestto the surfaceas the most likely
point where the surfaceshouldbe tangentto the line of
sight. However, this involvesa computationallyexpensive
searchalongtheline of sight.In practice,asshownin Fig.3,
a simplerandequallyeffective approachis to take eachx j

i

to be the point on l j
i that is at the samedistancefrom the

opticalcenterastheoriginal x i . Thesex j
i arethenusedas

silhouetteobservations,asexplainedin Section5.

5 Fitting Implicit Mesh 3–DModels

Silhouettesarea key clueto surfaceshapeanddeforma-
tion in monocularsequences,but they arealsoa sparseone
sincethey areonly availableat a few imagelocations.For
objectsthataresomewhat textured,point correspondences
betweeninterestpointsin pairsof imagescomplementthem
ideally. They canbeestablishedbestwheresilhouettesare
leastuseful,thatis onthepartsof thesurfacesthataremore
or lessparallelto theimageplane.

In this section,we show thatour formalismallows usto
effectively combinethesetwo informationsources.Given
a setof correspondencesandsilhouettepoints,we �t our
modelto thedataby minimizinga setof observationequa-
tions in the least-squaressense. To this end we use the
Levenberg-Marquardtalgorithmand,for eachimageframe,
we recomputethe occluding contoursand corresponding
silhouettepoints in the imageusingthe techniqueof Sec-
tion 4.

As we will see,thesilhouette-basedconstraintsarebest
expressedin termsof the implicit surfaceformalismwhile
it is simplerto formulatethecorrespondence-basedonesus-
ing traditionaltriangulatedmeshes.Recallfrom Section3
thatboththe implicit meshandtheunderlyingexplicit one

deform in tandemwhen the statevector changes. As a
result, we can simultaneouslyusethe implicit formalism
when dealingwith silhouettesand the explicit one when
dealingwith correspondencesasneededto simplify our im-
plementation.Weview thisasoneof themajorstrengthsof
ourapproach.

5.1 LeastSquaresFramework

We usethe imagedatato write nobs observation equa-
tions of the form Obs(x i ; � ) = � i ; 1 � i � nobs ;
wherex i is a datapoint, � thestatevector, Obsadifferen-
tiabledistancefunction,and� i is deviationfrom themodel.
We thenminimizevT Pv, wherev = [� 1; : : : ; � n obs ] is the
vectorof residualsandP is a diagonalweightmatrix asso-
ciatedwith theobservations. Becausetherearebothnoise
andpotentialgapsin theimagedata,weaddaregularization
termED thatforcesthedeformationsto remainsmoothand
whoseexact formulationdependson thekind of modelwe
use.Thetotalenergy thatweminimizethereforebecomes:

ET =
nobsX

i =1

wty pei



 Obsty pei (x i ;�)




 2

+ ED ; (2)

whereObsty pe is the function thatcorrespondsto a partic-
ular observation type wty pe weight associatedto eachob-
servationof type typei . We now turn to thedescriptionof
thesefunctionsfor thetwo datatypeswe use.

5.2 Silhouettes

In Section4, weshowedhow to useour formalismto as-
sociate2–D imagelocationsto 3–D surfacepointsthat lie
ontheoccludingcontours.If theshapeandposeof the3–D
modelwereperfect,the 3–D pointswould projectexactly
at thoselocations. In otherwords,for eachi, at leastone
of thecandidateoccludingpointsx j

i introducedat theend
of Section4.3shouldbeon thesurface,asshown in Fig. 3.
During theoptimization,thiswill in generalnotbetrueand
we enforcethis constraintby introducinga silhouettefunc-
tion of theform

Obssilh (x j
i ; � ) = wj

i (T � F (x j
i ; � )) ; (3)

for eachx j
i , wherewj

i is theweightassociatedto thecan-
didate,F theimplicit surface�eld function,andT theiso-
valuede�ned in thesameequation.

For eachx j
i , wj

i is taken to be inverselyproportionalto
its distanceto the line of sight l i . As a result, for eachi
only oneof thesecandidates,x best

i ; will endup beingon l i

while theotherswill eventuallybeignored.As thetotalen-
ergyET of Eq.2 is minimized,theObssilh (x j

i ; � ) will col-
lectively decreasein the least-squaressenseandxbest

i will



becomecloserandcloserto actuallybeingon the surface.
Notethat,becausexbest

i minimizesthedistanceto thesur-
facealong the correspondingline of sight, the normal to
theclosestsurfacepoint is perpendicularto it. Thus,x best

i
will eventuallytendto satisfythetwo conditionsthatchar-
acterizea point onanoccludingcontourintroducedin Sec-
tion 4.2.

5.3 Corr espondences

We use2–D point correspondencesin pairsof consecu-
tiveimagesasouradditionalsourceof information:We�nd
interestpoints in the �rst imageof the pair and establish
correspondencesin the secondusinga simplecorrelation-
basedalgorithm. Given a coupleu i = (p1

i ; p2
i ) of corre-

spondingpointsfound in this manner, we de�ne a corre-
spondencefunctionObscor r (u i ; �) as follows: We back-
projectp1

i to the3–D surfaceandreprojectit to thesecond
image. We then take Obscor r (u i ; �) to be the Euclidean
distancein the imageplanebetweenthis reprojectionand
p2

i . Notethatthesimplestandfastestwayof backprojecting
p1

i to thesurfaceis to useOpenGlandthegraphicshardware
of ourmachinesto �nd thefacetthatis traversedby theline
of sight de�ned by p1

i . Thereforein our implementation,
whencomputingObscor r (u i ; �) andits derivatives,weuse
theexplicit representationinsteadof theimplicit one.

6 Results

In previoussections,we claimedthatour formalismap-
plies independentlyof thespeci�c parametrizationusedto
representthe deformations. Here we demonstratethis in
threedifferentcases.

6.1 Tracking a Pieceof Paper

We modelthepaperasa rectangularmeshparametrized
in termsof thecoordinatesof its vertices.To keepthedefor-
mationsphysicallyplausible,we de�ne a deformationen-
ergy that is thesumof two terms. The �rst onerepresents
theinextensibility of thepaperby penalizingthevariations
of thedistancebetweenavertex andits neighbors.Thesec-
ondonemodelsthebendingstiffnessof paperby constrain-
ing thecurvatureof themesh.

Fig. 4 shows theresultsobtainedwhenthepaperis par-
tially occluded.The�rst row shows thedeformedmeshwe
obtainoverlaidasawhitewireframeontheoriginal images.
Thesecondrow shows thesideview of thesamedeformed
mesh. We canseethat the backof the meshalsodeforms
in a coherentmanner. Eventhoughthesilhouettecontours
arepartially hidden,our algorithmstill retrievesthecorrect
deformationandkeepson trackingthepieceof paper.

Fig. 5 highlights the robustnessof our algorithm to a
changingbackground.The�rst row shows theoriginal se-
quencewith the sametiger imageasbeforeanda moving
bookbehind.In thesecondrow, weusedthedeformedmesh
to mapanew textureontotheimages.Thenew imageslook
realisticandsuchresultscouldn't havebeenobtainedby us-
ing asimplebackgroundsubstractiontechnique.

6.2 Headand ShouldersTracking

Herewe apply our methodto recovering the motion of
moving headandshouldersin monocularsequences.Since
themeshesusedhereareof muchhigherresolutionthanbe-
fore,parametrizingthemin termsof theverticescoordinates
would have beencomputationallytoo expensive. There-
fore we useda Dirichlet FreeForm Deformations(DFFD)
parametrizationsothattheshapeof ourmodeldependsonly
on a small setof DFFD control pointsthat form a control
mesh[12]. In orderto enforceasmoothdeformation,neigh-
boring verticesof the control meshmustdeformin a rela-
tively similarmanner. This is achievedby usingadeforma-
tion energy thatapproximatesthesumof thesquareof the
derivativesacrossthecontrolsurface[9].

For eachsubject,we �rst build a 3–D modelfrom a se-
quencewhere the persondoesnot move but the camera
does. This model is then usedto track the motion in se-
quencessuchasthe onein the �rst row of Fig. 6. In this
case,interestpointsarefoundon theheadwhile occluding
contoursare usedfor the neck and shoulders. As shown
in the secondrow of Fig. 6 reconstructionresultscan be
usedto resynthetizethesubjectin front of a differentback-
ground,thuseliminatingtheneedfor a bluescreen.

6.3 HeadModeling

In earlierwork [7], we have shown thatwe canrecover
theshapeandcameramotion from uncalibratedsequences
usinga PCA basedfacemodel [1] and2–D imagecorre-
spondences.Here,we extendthis approachby alsoincor-
poratingoccludingcontourinformation. The deformation
energy now penalizesPCA parametersvaluesthat aretoo
far from acceptablevaluesfor faces[1].

For comparison's sake, in Fig. 7 we show sideby side
theresultsobtainedusingcorrespondencesaloneandthose
obtainedby addingthesilhouettes.Note that the latterare
noticeablyimproved.

7 Conclusion

In this work we have presenteda framework for theef-
�cient detectionand useof silhouettesfor recovering the
shapeof deformable3–D objectsin monocularsequences.
We rely on an implicit surfaceformalismthat lets us look



Figure 4: Occlusion handling. The front of the paper is taped to the table and one hand pushes the back
of the page while the other passes in front. Top row: The recovered mesh is overlaid on the images. Note
that the hand is in front of the paper even though the wireframed displa y gives the impression that it is
behind. Bottom row: Side view of the recovered mesh. Note that its shape is undisturbed by the occ lusion
and that the back of the mesh also deforms correctl y. A video of the sequence is given as supplementar y
material.

Figure 5: Handling a changing backgr ound. Top row: Original sequence with book sliding in the back­
ground. Bottom row: A new texture is applied on the deformed mesh and reprojected in the images.
Note that backgr ound subtraction techniques could not have been applied in this case . A video of the
sequence is given as additional material.

for occludingcontoursas solutionsof an ordinary differ-
entialequationandto enforcetheresultingconstraintsin a
consistentmanner.

To demonstratetherangeof applicabilityof ourmethod,
weappliedit to threeverydifferentproblems:Reconstruct-
ing a PCA basedfacemodel from an uncalibratedvideo
sequence;trackinga deformingpieceof paperundergoing
apartialocclusionor with achangingbackground;recover-
ing headandshouldermotionin aclutteredscene.

In other words,our implicit surfacebasedapproachto
using silhouettesis appropriatefor uncontrolledenviron-
mentsthat may involve occlusionsand changingor clut-
tered backgrounds,which limit the applicability of most
othersilhouette-basedmethods.Furthermore,ourapproach
is independentfrom the way the surfacedeformationsare
parametrized,aslong asthis parameterizationremainsdif-

ferentiable.
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