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Abstract

This paperadvocatesn implicit-surfacerepresentation
of generic 3-D surfacesto take advantae of occluding
edgesin a veryrobustway This lets us exploit silhouette
constaintsin uncontolled ervironmentshat may involve
occlusionsand changingor cluttered badkgrounds,which
limit the applicability of mostsilhouettebasedmethods.

This desimable behavioris completelyindependenfrom
the way the surface deformationsare parametrized. To
showthis, we demonstate our tedhniquein threevery dif-
ferent cases: Modelingthe deformationsof a pieceof pa-
perrepresentedy anordinary triangulatedmesh;tracking
a person's shouldes whosedeformationsare expressedn
termsof Dirichlet Free Form Deformationsyeconstructing
the shapeof a humanfaceparametrizedn termsof a Prin-
cipal Componenfnalysismodel.

1 Intr oduction

Occluding contoursare a key clue to recovering the
shapeof smoothand potentially deformablesurfacesin
monocularsequenceandthey have beenusedextensiely
for this purpose. However, becausextracting them reli-
ably againstpotentiallyclutteredor changingbackgrounds
Jis dif cult, mostof the publishedwork involvesengineer
ing the environmentto make this taskeasier

In thiswork, we shaw thatrepresentingeneric3-D sur
facesasimplicit surfacesallows usto take advantageof oc-
cludingcontourconstraintsn sucharobustway thatwe can
modelsmoothsurfaceseven whenthe boundarydetection
algorithm[3] we useis far from reliable. Furthermorejt
alsolets us effectively combinesilhouetteinformationwith
that provided by interestpoints that can be tracked from
imageto image. This is importantbecausehis may mean
the differencebetweerthe ability or theinability to exploit
silhouettesn uncontrolledreal-world situationswhereoc-
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clusionsanddif cult backgroundeftendegradethe output
of eventhe bestedgedetectionalgorithms.

More speci cally, we useimplicit meshe$9], which are
implicit surfacesthat closelyapproximategenerictriangu-
lar 3-D meshesanddeformin tandemwith them. This for-
mulationallows usto robustly detectheoccludingcontours
onthe 3-D surfaceasthesolutionof anordinarydifferential
equation13]. Their projectionscanthenbe usedto search
for thetrueimageboundariesinddeformthe 3—D modelso
thatit projectscorrectly

This well-formalized approachyields a robust imple-

mentationthat we demonstratdor monoculartracking of
deformable3-D objectsin a completelyautomatedash-
ion: We startwith a generic3-D modelof thetargetobject,
nd its occludingcontours,andusethemto searchfor the
correspondingontoursin theimages.We thenusethe de-
tected2-D contoursandthe constraintghey impose,along
with somefeatureinformation when available, to deform
themodel.

This approactis effective independentlyof the speci ¢
way the deformationsare parametrized.We validatedthe
trackerin severalvery differentcasesModeling the defor
mationsof a pieceof paperrepresentethy anordinarytri-
angulatedneshitrackinga personsshoulderavhosedefor
mationsare expressedn termsof Dirichlet FreeForm De-
formations[12]; reconstructinghe shapeof a humanface
parametrizedn termsof a Principal ComponentAnalysis
model[1, 7].

In theremaindeiof the paperwe rst review relatedap-
proachesandour earlierwork [9] on implicit meshes.We
then shov how we usethem rst to guide the searchfor
silhouettesn theimages,andsecondo enforcethe corre-
spondingdifferentialconstrainton the surface.Finally, we
discussour resultsin moredetails.

2 RelatedWork

Occludingcontourshave long beenknown to be an ex-
cellentsourceof informationfor surfacereconstructionand
sometimeghe only available one whenthe surfaceslants
away from the cameraandmalkesit impracticalto useother



Figure 1: Approximating an explicit mesh by an
implicit one. Top row: Spherical implicit meshes
wrapped around an explicit mesh and shown as
being transparent. Bottom row: Triangular implicit
meshes. Note the much improved approximation.

approachesuchasfeaturepoint matching. This informa-
tion hasbeenput to very goodeffect by mary researchers,
including [16, 20, 6, 17, 2, 5, 18] amongmary others. In
mary of theseworks,thetechniqueusedto actuallyextract
the occluding contoursis often fairly straightforward. It
can be simple edgedetectionandlinking [3], active con-
tour models[10], or spacecarving[11]. However, while
perfectlyappropriatan the context in which they areused,
thesemethodswould fail in the presenceof clutteredand
changingbackgrounds.

Detectingoccludingcontoursin suchsituationsrequires
much more sophisticatedalgorithms. Recentcolor and
texture-basedegmentatioralgorithms[14, 4] have proved
very goodat this. However, sincethey areessentially2-D,
it is nottrivial to guarante¢hattheoutlinesthey produceac-
tually correspondo thetargetobject's occludingcontours.

A popularsolutionto this problemamongresearchers
involvedin trackingarticulatedor rigid objectsis to model
themusingvolumetricprimitiveswhoseoccludingcontours
canbe computedyivena poseestimatg8, 15]. Thesecon-
tours are then usedto searchfor the true image bound-
ariesin directionsthat are normalto them. This is effec-
tive but hasonly beendemonstratedor relatively simple
shapesuchasellipsoidsandtruncateccones.Thework we
presentherecan be understoodas a generalizatiorof this
approacho morecomplex surfacesthatcandeformin less
predictablevays.

3 Implicit Meshes

In earlierwork, we introducedmplicit meshe$9]. They
areimplicit surfacesthat are designedo closely approxi-
matethe shapeof arbitrarytriangulatedmeshesandto de-

formin tandemwith them,asshowvnin Fig. 1. To corverta
triangulatedneshinto animplicit one,we attacha spherical
or triangularimplicit surfaceprimitive, and corresponding
eld functionf , to eachfacet. We thende ne the surface
asthg,setS( )y = fx 2 R® ;F(x; ) = Tg ;where
F = f;;i= 1:N isthesumof theindividual eld func-
tions,onefor eachof theN meshfacets, asetof param-
etersor statevector that controlsthe shapeof the explicit
mesh.andT a x edisovalue.

A spherical primitive is createdby circumscribinga
spherearoundthe faceti sothatthe centersof the sphere
and of the circle circumscribedaroundthe facetcoincide.
In thiscasef; simplyisf;i(x) = exp( k(ri(x) r?) i=
1::N; wherex is a 3-D point, r; is the Euclideandistance
to thespheres centerr%is theradiusof the sphericaprimi-
tiveandk is afreecoefcient de ning slopeof the potential
eld function. For triangularprimitives,we replacethe Eu-
clideandistancer; by a piecavise polynomialC? function
di thatmoreaccuratelyapproximateshe actualdistanceto
thefaceti. d; is computedasthesquqgreddistancerom the
facetplanefor pointsthat projecton the facetand asthe
distancefrom its edgesandverticesotherwise.f; becomes
fi(x) = exp( k(di(x) d3)) ;whichhasalmostthesame
form asbefore,but wheredy, now representshe thickness
of theimplicit surfaceandis the samefor all facets.

Spherical primitives are best for relatively regular
meshedecausehey arecomputationallyinexpensve. Tri-
angulamprimitivesaremoreexpensve but alsomoregeneral
andprovide bettersurfaceapproximationsespeciallywhen
the explicit meshis eitherirregular or low resolution. In
ary event, the methodproposedn this paperis applicable
to bothsinceit only depend®nthesurfacedifferentiability.

4 Silhouette Detection

As discussecarlier giventhe estimatedshapeandpose
of a 3—D model, our goal is to computeits 3—D occlud-
ing contours projecttheminto theimageandusethatpro-
jection as a startingguessto nd the correspondingm-
age boundarieswhich shouldbe the real silhouettes. In
this section,we rst shov someof the problemsinvolved
in performingthis task using traditional techniques. We
thenshaw thatourimplicit meshformalismsolvesthemand
givesuscleanetandmoreconsistentesults which canthen
beexploitedto detecttherightimageboundaries.

4.1 Occluding Contours from Explicit Meshes

In theabsencef theimplicit surfaceformalismwe pro-
pose,one of the mostpopularways of nding occluding
contoursis to performa visibility computation:For exam-
ple, we canuseOpenGLto projectthe modelinto the im-
agesand ag the hiddenfacets. The edgesat the border



(b)

Figure 2: Occluding contour s on explicit versus implicit meshes.

(a) High resolution mesh of the face

and low resolution mesh of the upper body. (b) Shaded model with eges at the boundar y between visib le
and hidden facets overlaid in yellow. (c) The same edges seen from a diff erent viewpoint (d,e) Shaded

models with the occluding contour computed using implicit mesh, corresponding

to views (b) and (c)

respectivel y. Note the much greater smoothness and improved precision.

betweervisible andinvisible facetswhosenormalssatisfy
the appropriateconstraintanthenbetreatedascandidate
occludingcontours.

As shavn in Fig. 2(b,c),theresultsof this procedureare
heavily dependenvn meshresolutionandtheresultingcon-
toursarerarely assmoothasthey should. Of coursemore
sophisticatedheuristicswould certainlyyield improvedre-
sultsbut we arenot awareof ary existing techniquewvhose
resultsare as clean and mesh-resolutionndependentas
thoseof Fig. 2(d,e),which wereobtainedusingourimplicit
surfaceformalism.

4.2 Occluding Contours and ODE

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

1. x(t) is onthesurfaceandthereforeF (x(t); ) =T,

2. theline of sightis tangentiako the surfaceatx (t).
This implies [13] thatx(t); t 2 [0; 1] is a solutionof the
ODE

@() _ (H(x(@®)(x(t) COpt)) 5F(x(); ) )

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

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

Solving this ODE requiresan appropriatestartingpoint
x(0), thatis one 3—D point on the occludingcontour To
nd onesinglevertex of theexplicit meshthatis verylikely
to beanoccludingvertex, we useavisibility algorithmsim-
ilar to the onedescribedn Section4.1. We thenprojectit
onto the implicit meshand searchin the neighborhoodf
the projectionfor a point thatsatis esthe two above stated
constraints. Note that this is very differentfrom the ap-
proachof Section4.1becausesincewe only needone3-D
point, we canimposevery tight constraintandthusensure
thatit really is on the occludingcontour This resultsin the
very cleancontoursof Fig. 2(d,e)thatare quite insensitve
to theresolutionof themeshusedto computethem.

4.3 Finding Silhouette Edgesin the Image

Given a 3-D occludingcontourx(t) computedas de-
scribedabove, we projectit into theimageandlook for the
true silhouetteedgein adirectionnormalto its 2—D projec-
tion asdepictedin Fig. 3. Thisis geometricallyconsistent
becauseata silhouettepointx; 2 x(t); t 2 [0; 1], the3-D
surfacenormaln is perpendiculato theline of sightl; and,
asaresult,projectsto thenormaln of the2—D contour

In otherwords, at eachpoint u; of the 2-D projection,
we simply have to performa 1-D searchalonga scan-line
for the true edgelocationandwe arebackto the old edge
detectiorproblem butin amuchsimplercontext thanusual.
We useatechniqueahathasprovedeffective for 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 several potentialsilhouetteedge
pointsu! andcorrespondindines of sightl! for eachx;.
Along thesenew lines of sight, we could choosethe x!
wherethe line is closestto the surfaceasthe mostlikely
point where the surface should be tangentto the line of
sight. However, this involvesa computationallyexpensve
searctalongtheline of sight. In practice asshavnin Fig. 3,
a simplerandequallyeffective approachis to take eachx!
to bethe pointon I} thatis at the samedistancefrom the
optical centerastheoriginal x;. Thesex! arethenusedas
silhouetteobsenations,asexplainedin Section5.

5 Fitting Implicit Mesh 3—D Models

Silhouettesareakey clueto surfaceshapeanddeforma-
tion in monocularsequencedyut they arealsoa sparseone
sincethey areonly availableat a few imagelocations. For

objectsthat are somavhattextured, point correspondences

betweerinterestpointsin pairsof imagescomplementhem
ideally. They canbe establishedestwheresilhouettesare
leastuseful,thatis onthepartsof the surfaceshataremore
or lessparallelto theimageplane.

In this section,we shav thatour formalismallows usto
effectively combinethesetwo informationsources.Given
a setof correspondenceand silhouettepoints,we t our
modelto the databy minimizing a setof observatiorequa-
tions in the least-squaresense. To this end we usethe
Levenbeg-Marquadtalgorithmand,for eachimageframe,
we recomputethe occluding contoursand corresponding
silhouettepointsin the imageusingthe techniqueof Sec-
tion 4.

As we will see thesilhouette-basedonstraintsare best
expressedn termsof the implicit surfaceformalismwhile
it is simplerto formulatethecorrespondence-basedesus-
ing traditionaltriangulatedmeshes.Recallfrom Section3
thatboththe implicit meshandthe underlyingexplicit one

COpt

deform in tandemwhen the statevector changes. As a
result, we can simultaneouslyuse the implicit formalism
when dealingwith silhouettesand the explicit one when
dealingwith correspondencessneededo simplify ourim-
plementation\We view this asoneof the major strengthf
ourapproach.

5.1 LeastSquaresFramework

We usethe imagedatato write nqps Obsenation equa-
tions of the form Obg(x;; ) = ;1 i Nobs |
wherex; is adatapoint, thestatevector Obsadifferen-
tiabledistancefunction,and ; is deviationfrom themodel.

vectorof residualsandP is a diagonalweightmatrix asso-
ciatedwith the obsenations. Becausehereareboth noise
andpotentialgapsin theimagedata,we addaregularization
termEp thatforcesthedeformationgo remainsmoothand
whoseexactformulationdepend®n the kind of modelwe
use.Thetotal enegy thatwe minimizethereforebecomes:

bs
wYPe ObPe(xi1) 2+ Ep;  (2)
i=1

whereObsY P js the functionthat correspondso a partic-
ular obsenation type w¥ P® weight associatedo eachob-
senation of typetype . We now turn to the descriptionof
thesefunctionsfor thetwo datatypeswe use.

5.2 Silhouettes

In Sectiond, we shovedhow to useour formalismto as-
sociate2—D imagelocationsto 3-D surfacepointsthatlie
ontheoccludingcontours If theshapeandposeof the3-D
modelwere perfect,the 3—D pointswould projectexactly
at thoselocations. In otherwords, for eachi, at leastone
of the candidateoccludingpointsx! introducedat the end
of Sectiord.3 shouldbe on the surface,asshowvn in Fig. 3.
During theoptimization,thiswill in generahotbetrueand
we enforcethis constraintby introducinga silhouettefunc-
tion of theform

Obs™ (xl; y=w/ (T F; ); (3)

for eachx!, wherew! is the weightassociatedo the can-
didate,F theimplicit surface eld function,andT theiso-
valuede ned in the sameequation.

For eachx! , w! is takento beinverselyproportionalto
its distanceto the line of sightl;. As a result, for eachi
only oneof thesecandidatesxPest; will endup beingonl;
while theotherswill eventuallybeignored.As thetotal en-
ergy Et of Eg.2is minimized,theObs®™™ (x!; ) will col-
lectively decreasén the least-squaresenseandxPest will



becomecloserand closerto actuallybeingon the surface.
Note that, becauseP®st minimizesthe distanceto the sur
facealong the correspondindine of sight, the normalto
the closestsurfacepoint is perpendiculato it. Thus,xPest

will eventuallytendto satisfythe two conditionsthatchar

acterizea pointon anoccludingcontourintroducedn Sec-
tion4.2.

5.3 Correspondences

We use2-D point correspondencean pairsof consecu-
tiveimagesasouradditionalsourceof information: We nd
interestpointsin the rst imageof the pair and establish
correspondencds the secondusinga simple correlation-
basedalgorithm. Givena coupleu; = (pt;p?) of corre-
spondingpointsfound in this manner, we de ne a corre-
spondencdunction Obs™ " (u;; ) asfollows: We back-
projectp! to the 3-D surfaceandreprojectit to the second
image. We thentake Obs™ " (u;; ) to bethe Euclidean
distancein the image planebetweenthis reprojectionand
p?. Notethatthesimplestandfastestvay of backprojecting
p! to thesurfaceis to useOpenGlandthegraphicshardware
of ourmachinego nd thefacetthatis traversedby theline
of sightde ned by p!. Thereforein our implementation,
whencomputingObs™' " (u;; ) andits derivatives,we use
theexplicit representatiomsteadof theimplicit one.

6 Results

In previous sectionswe claimedthat our formalismap-
pliesindependentlyof the speci ¢ parametrizatiorusedto
representhe deformations. Here we demonstratehis in
threedifferentcases.

6.1 Tracking a Pieceof Paper

We modelthe paperasa rectangulameshparametrized
in termsof thecoordinate®f its vertices.To keepthedefor
mationsphysically plausible,we de ne a deformationen-
ergy thatis the sumof two terms. The rst onerepresents
theinextensibility of the paperby penalizingthe variations
of thedistancébetweern vertex andits neighborsThesec-
ondonemodelsthebendingstiffnessof paperby constrain-
ing the curvatureof themesh.

Fig. 4 showvs the resultsobtainedwhenthe paperis par
tially occluded.The rst row shavs thedeformedmeshwe
obtainoverlaidasawhite wireframeontheoriginalimages.
Thesecondow shavs the sideview of the samedeformed
mesh. We canseethat the back of the meshalsodeforms
in a coherentmanner Eventhoughthe silhouettecontours
arepartially hidden,our algorithmstill retrievesthe correct
deformationandkeepson trackingthe pieceof paper

Fig. 5 highlights the robustnessof our algorithmto a
changingbackground.The rst row shows the original se-
guencewith the sametiger imageasbeforeanda moving
bookbehind.In thesecondow, we usedhedeformednesh
to mapanew textureontotheimages.Thenew imagedook
realisticandsuchresultscouldn't have beenobtainedby us-
ing asimplebackgroundsubstractioechnique.

6.2 Headand ShouldersTracking

Here we apply our methodto recovering the motion of
moving headandshouldersn monocularsequencesSince
themeshesisedhereareof muchhigherresolutionthanbe-
fore,parametrizinghemin termsof theverticescoordinates
would have beencomputationallytoo expensve. There-
fore we useda Dirichlet FreeForm Deformationg DFFD)
parametrizatiosothattheshapeof ourmodeldepend®nly
on a small setof DFFD control pointsthat form a contol
mesH12]. In orderto enforceasmoothdeformationneigh-
boring verticesof the control meshmustdeformin arela-
tively similar manner Thisis achiezedby usinga deforma-
tion enegy thatapproximateshe sumof the squareof the
derivativesacrosghecontrolsurface[9].

For eachsubject,we rst build a 3—D modelfrom a se-
guencewhere the persondoesnot move but the camera
does. This modelis thenusedto track the motionin se-
guencessuchasthe onein the rst row of Fig. 6. In this
casejnterestpointsarefound on the headwhile occluding
contoursare usedfor the neck and shoulders. As shovn
in the secondrow of Fig. 6 reconstructiorresultscan be
usedto resynthetizéhe subjectin front of a differentback-
ground,thuseliminatingthe needfor abluescreen.

6.3 HeadModeling

In earlierwork [7], we have shovn thatwe canrecover
the shapeandcameramotion from uncalibratedsequences
usinga PCA basedfacemodel [1] and2-D imagecorre-
spondencesHere, we extendthis approactby alsoincor-
poratingoccludingcontourinformation. The deformation
enegy now penalizesPCA parametersaluesthat aretoo
far from acceptablealuesfor faceq1].

For comparisors sale, in Fig. 7 we shav side by side
theresultsobtainedusingcorrespondencesoneandthose
obtainedby addingthe silhouettes.Note thatthe latterare
noticeablyimproved.

7 Conclusion

In this work we have presented framework for the ef-
cient detectionand useof silhouettesfor recovering the
shapeof deformable3—D objectsin monocularsequences.
We rely on animplicit 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 display gives the impression that it is
behind. Bottom row: Side view of the recovered mesh. Note that its shape is undisturbed by the occlusion
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 background. 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 background subtraction techniques could not have been applied in this case. A video of the

sequence is given as additional material.

for occluding contoursas solutionsof an ordinary differ-
ential equationandto enforcethe resultingconstraintsn a
consistenmanner

To demonstratéherangeof applicability of our method,
we appliedit to threevery differentproblems:Reconstruct-
ing a PCA basedface model from an uncalibratedvideo
sequencetrackinga deformingpieceof paperundegoing
apartialocclusionor with achangingoackgroundrecover
ing headandshouldemotionin a clutteredscene.

In otherwords, our implicit surfacebasedapproacho
using silhouettesis appropriatefor uncontrollederviron-
mentsthat may involve occlusionsand changingor clut-
tered backgroundswhich limit the applicability of most
othersilhouette-basethethodsFurthermorepur approach
is independenfrom the way the surfacedeformationsare
parametrizedaslong asthis parameterizationemainsdif-

ferentiable.
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