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Abstract

Deformable3-D modelscan be representeckither as
explicit or implicit surfaces.Explicit surfaces,suchastri-
angulationsor wire-framemodels,are widely acceptedn
the ComputerVision and ComputerGraphicscommuni-
ties. However, for automatednodelingpurposesthey suf-
ferfrom thefactthat tting to 2—Dand3-Dimage-datayp-
ically involvesminimizationof the Euclideandistancebe-
tweenobsenationsandtheir closesfacetswhichis anon-
differentiabledistancefunction. By contrast,implicit sur
facerepresentationsllow tting by minimizing an alge-
braic distancewhere one only needsto evaluatea differ-
entiable eld potentialfunction at every datapoint. How-
ever, they have not gainedwide acceptancéecausehey
areharderto meaningfullydeformandrender

To combinethe strengthof bothapproachesye propose
a methodthat canturn a completelyarbitrary triangulated
mesh suchasonetakenfrom theweb,into animplicit sur
facethat closelyapproximatests shapeandcandeformin
tandemwith it. This allows both graphicsdesignergo de-
form andreshapeheimplicit surfaceby manipulatingex-
plicit surfacesusing standarddeformationtechniquesand
automatedtting algorithmsto take advantageof theattrac-
tive propertiesof implicit surfaces We demonstrat¢he ap-
plicability of ourtechniqudor upperbody—headneckand
shoulders—automatedeconstruction.

1. Intr oduction

In theworld of ComputerGraphics 3—D objectstendto
bemodeledasexplicit surfacessuchastriangulatedmeshes
or parametricsurfaceslike spline patches.Becausesuch
representationgre intuitive and easyto manipulate they
arewidely acceptecamonggraphicsdesignersTheserep-
resentationshowever, are not necessarilyideal for tting
surfacesto data such as 3—-D points producedby laser
scannersandsterecsystemsr 2—D pointsfrom imagecon-

tourswherethe dataare noisy andincomplete.This stems
fromthefactthat tting typically involves nding thefacets
that are closestto the 3—D datapoints or mostlikely be-

ing silhouettefacets.This involves non-differentiabledis-

tancefunction, which degradeghe corvergenceproperties
of mostoptimizers.

Implicit surfaces,known in the literature as Blobby
Molecules[4, Soft Objects[33 and Metaballs[2q, have
recevedsubstantiahttentionin boththe ComputerGraph-
icsandComputeisioncommunitiesThey arewell-suited
for simulating physically basedprocessesand for mod-
eling smooth objects. Becausethe algebraicdistanceto
an implicit surfaceis computedby evaluatinga differen-
tiable function, they do not suffer from the dravbacksdis-
cussedabore whenit comesto tting themto 2 and3-D
data[30, 23, 9]. However, they have not gainedwide ac-
ceptancein partbecausehey aremoredif cult to deform
andto renderthanexplicit surfaces.

In short,explicit surfacerepresentationarewell suited
for graphicspurposesbut lesssofor tting andautomated
modeling.The reversecanbe said of implicit surfacerep-
resentationsin earlierwork [15], we proposednethodfor
combiningthe strengthf bothapproachewhile avoiding
theirdravbacksby cornvertingexplicit surfacednto implicit
meshesvhoseshapecloselyapproximateshat of the orig-
inal triangulationsand deformingthe implicit andthe ex-
plicit surfacesin tandemfor tting purposesTo createthe
implicit mesh,we circumscribedeachfacetwith a spheri-
cal volumetricprimitive with its centerbeingon the facet,
asdepictedby themiddlerow of Fig. 1. Thisapproachs ef-
fective but hassomelimitations: It worksbestfor fairly reg-
ular meshedike one shovn in the middle row of Fig. 1,
or high-resolutionmeshessuchas one shavn in Fig. 2(e,
f), while it canproducelumpy implicit surfacesfor irregu-
lar coarseones asdepictedn Fig. 2(a,b).

Here,we overcomeahesdimitationsby replacingspheri-
calmetaballdy triangular metaballsshavnin theleft hand
sideimageof thebottomrow in Fig. 1. Insteadbf computing
thepotential eld asafunctionof thedistancdromthecen-



Figure 1. Converting an explicit surface into an implicit surface . Top row: Initial explicit meshes
(facet, triangulated mesh patch and deformed mesh patch, from left to right respectivel y) . Middle
row: Initial explicit surfaces from the top row converted to the spherical implicit meshes shown as
transparent around explicit once . Bottom row: Initial explicit surfaces from the top row converted to
the triangular implicit meshes shown again as transparent.

ter of afacet,we take it to bethe Euclideandistancefrom
the whole triangle. As shawvn in the bottomrow of Fig. 1
andin third andforth columnof Fig. 2, thethicknes<of the
implicit surfaceapproximatingthe explicit surfacecanbe
arbitrarily small, whaterer the meshtopology The parame-
tersof thosemetaballsarea functionof thefacetgeometry
As aresult,whenafacetdeforms,so doesthe correspond-
ing metaballandtheimplicit andtheexplicit surfacesmove
in tandemIn this work, we useDirichlet FreeForm Defor-
mationOFFD) [19, 14] to controltheshapebut in general,
sincewe canturn ary meshinto its implicit representation
one could have chosenother methodssuchas Free Form
DeformationsfFFDs)[27, 8], B-splinesor PCA parameteri-
zation[3] to deformtheexplicit meshandconsequentlyhe
implicit one.DFFD hadbeenchoserbecausd allowsusto
controlarny complex shapewith arelatively smallnumber
of parametersthenallows arbitrary control pointsdeploy-
ment,producesocal deformationandprovidesvery natural
way of deformingthe objectsfor thegraphicsdesigners.

Our contrikution is thereforean approacho surface t-
ting that allows to take an arbitrary explicit surfacemodel

of any compleity, for exampleonethathasbeenobtained
from the web and was not designedwith tting in mind,

turnit into animplicit mesh,anddeformit to obtainanop-
timal t to image-dataln the automaticreconstructiorm-

plicit surfaceis justvirtually presentandit was tted to the
data,while actualexplicit meshwas deformedalongwith

it. Becausef very closeapproximatiorof the meshwith its

virtual implicit surfacewe cankeepthe deformedexplicit

meshanduseit instantlyfor renderingfurthermoreprovide
it to thegraphicdesignemwith a optimalpositionof thecon-
trol pointsfor furthermodi cation andanimation.

In theremaindeof thepaperwe rst briey review ear
lier approachedlNe thenintroduceourapproactto creating
implicit meshesand deformingthem, wherewe compare
sphericalandnew triangularmetaballsapproachThen,we
describeour optimizationframework, and nally demon-
stratethe applicability of our framework to the complex
caseof tting the upperbody including— head,neckand
shoulders- to image-dataywherewe compareresultsob-
tainedby tting explicit mesh,sphericaimplicit meshand
triangularimplicit meshto sterecandsilhouettedata.



2. PreviousWork

Three-dimensionasurface reconstructioncontinuesto
be animportantgoal and mary approacheselying on ex-
plicit surfacerepresentationsuchas3-D surfacemeshes
[7, 32], parameterizedurfaceq29, 18], local surfaceq11],
andparticlesystemg31], have beenproposed.

Therehasalsobeensustainednterestin the useof volu-
metricprimitives[17, 32, 21] andimplicit surfacerepresen-
tations[9, 30, 24] for tting purposesThesemethodshow-
ever, aretailoredfor speci c shapesuchasthehumanbody
andits skeletonandthereis no generallyacceptedvay to
deformgenericimplicit surfaces.

A popularway to deformimplicit surfacesis to twist,
bend andtaperthespacéan whichthemodellivesby choos-
ing a suitablewarpingfunction[4, 2, 34]. However, these
deformationsare limited to parametricsurfaces,such as
spherer cylinders,andthereis noway to warpthe space
in a free form manner In [1], simple superquadricsare
parametrizedising corventionalFFDsfor automaticheart
reconstructioranddeformationfrom medicalimagesHere
theFFDsability to deformparametricsurfaceshasbeenex-
ploited,but only to reshape singleprimitive. Our proposed
implicit shellscoupledwith DFFDs[19, 14] go muchfur-
ther by allowing usto deform completelygenericimplicit
surfaces.In spirit, the our implicit meshesare relatedto
the earlier distancesurfaces[5]. However, in this earlier
work, the problemsassociatedo bulgescreatedby meta-
ballsblendinginto eachotherarehandledby a corvolution
mechanisnthatloosesthe algebraicnatureof the distance
functionandmalkesthedistancesurfacesmpracticalfor the
kind of tting we perform.

Radialbasisfunctions(RBF) [6, 16, 33] areaninterest-
ing alternatve to soft objectsor metaballs[35, 20]. The
shapeof the resulting surface, however, is controlled not
only by thepositionof the RBF centerdut alsoby the RBF
weightsthathave no geometridnterpretationwhich makes
this approachalsounsuitablefor in-tandemdeformationof
explicit andimplicit surface.

In short, both approacheso 3—D modeling have their
strengthsand weaknessefor the purposeof tting noisy
image-datalt is thereforeimportantto be ableto combine
two kindsor representationanddeformthemin tandem.

3. Implicit MeshModels

To createanimplicit meshmodelthatcandeformin tan-
demwith the explicit surface,we mustaddressgwo prob-
lems:

1. Creatinganimplicit surfacethatcloselyapproximates
theshapeof theinitial explicit mesh,

2. Controlling the object shape,n both its explicit and
implicit forms,usingthe samesetof parameters.

To corvertanarbitrarytriangulatedsurfaceinto animplicit
meshwe createanimplicit surfaceprimitive or metaballfor
eachfacet.In earlierwork [15] we usedsphericaimetaballs,
which are very simple but only suitablefor fairly regular
meshe®r high resolutionmeshessit is shovn in the mid-
dlerow of Fig. 1, where rst onetriangle,thenordinaryreg-
ular andthe deformedmeshpatcharecorvertedinto spher
ical implicit meshshavn astransparentHere,we replace
themby the triangularmetaballswhich are more complex
but canhandlearbitrarily irregular meshesandlow resolu-
tion meshesandperformmuchcloserapproximatiorof the
explicit surface,asdepictedby the third row of Fig. 1. In
this section,we rst comparethe two kinds of metaballs
andthendiscussour approactto shapedeformation.

3.1. SphericalMetaballs

Thesphericaimetaball[15] is createdy circumscribing
a sphericalprimitive arounda facetin sucha way thatthe
spherecenterlies on the facetand correspondso the cen-
ter of the circumscribectircle aroundthefacet.It de nesa
potential eld thatcanbeexpresseds:

1)
where is a 3-D point, is the Euclideandistanceto the
spherescenter istheradiusof thesphericametaballand

is freecoefcient de ning slopeof thepotential eld func-
tion. Theimplicit meshshown in grayin themiddlerow of
Fig. 1, is thentakento be anisosurfceof the sumof all
thesepotential elds. Formally, it is de ned asthe set of
3-Dpoints thatsatisfy

: (2)

where is anarbitrarily chosenisovalue.Usually we take
to be one, so that all points on the surface have a po-
tential eld valueequalto zeroandthevaluessmallerthen
zeroinsideandgreatethenzerooutside Becausehespher
ical metaballsarecircumscribedaroundthe facetstheir ra-
dius dependson the size of the triangle. As shawvn in
the secondrow of Fig. 1, aslong asthe explicit meshis
relatively regularor high resolution,this yields a valid ap-
proximation.However, becausdarge facetsproducelarge
primitives,the approximatiorbecomesnuchlessaccurate
whenthe explicit meshhaslargefacetsIf we dealwith low
resolutionirregular meshasthe one depictedin Fig. 2(a),
elongatedracetsproducean implicit surfacewhosethick-
nesscanchangedramatically asshown in Fig. 2(b). Up to
a point, that can be remediedby retriangulatingthe mesh
obtaining one depictedin Fig. 2(e), so that it consistsof
mary smallersizefacetsandproducebetterapproximation
asshowvn in Fig. 2(f). This hasbeendonein our previous
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Figure 2. Conversion of low and high resolution explicit meshes to implicit ones, using either spher -
ical or triangular metaballs . Left column(a, e): Low and high resolution mesh. Second column(b, f):
Corresponding implicit surfaces created with spherical metaballs, shown as transparent. Third col-

umn(c, g): Corresponding

implicit surfaces created with triangular metaballs. Last column(d, h):

Magni ed implicit triangular metaballs surface in the neck and shoulder s area, highlighting the ap-

proximation' s quality .

work [15], but of course,that resultsin a substantialin-
creasean computationatost.

Lack of closeapproximationof the explicit meshwith
the implicit one may produceproblemsduring the tting.
That is causedby the notion of two sidesof the implicit
surfacewhich becomeimportantwhenimplicit surfaceis
thick like in a caseof sphericaimplicit surfacedepictedin
Fig. 3(a).If themodelis notencapsulatethsidethe obser
vationdataandit intersectswith the obsenations,thatcan
causetting of thewrongsideof theimplicit surfaceto the
dataasit is shavn in Fig. 3(b) in theneckarea.

3.2. Triangular Metaballs

To solvetheseproblemsandcreatamplicit surfaceghat
morecloselyapproximatearbitrary meshesye proposeto
replacethe sphericalmetaballsby triangular ones.This is

doneby replacingtheEuclideardistance tothefacet'cen-
ter in Eq. 1 by the actualdistance to the whole facet.
In the bottomrow of Fig. 1 you canseemetaballcreated
aroundthe trianglewhich we call triangularmetaball.The
distancefunctionis the Euclideandistancefrom the trian-
gleexpresseasfunctionwhichde nesdistanceeitherfrom
theplaneif the pointprojectsonthetriangleor thedistance
from the line or pointif the point projectoutsidethe trian-
gle.

Finally, distancefunction can be incorporatedin the
samepotential eld function as usedfor sphericalmeta-
balls:

3)
thathasalmostthe sameform asbefore,but where is
distanceof the pointin spaceto thetriangleand is adis-

tancethat representshe thicknessof the implicit surface.
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Figure 3. Inuence of the explicit mesh approximation by the spherical or triangular implicit surface

to tting

results. (a) Spherical implicit mesh. (b) Inner side of the spherical implicit mesh tted to

the data, depicted as small circles, in the neck area. (c) Triangular implicit mesh. (d) Correct tting
of triangular implicit mesh to the data because of the small thic kness of the implicit surface .

Actually, all the pointsin spaceatthedistance from the
trianglehave potential eld valueequalto zero.Again,com-
pleteimplicit surfaceis obtainedby summingall the eld
potentialsthat producesoverall implicit surfaceexpressed
as:

: (4)

It is easyto spotthatthe potential eld is now indepen-
dentof the facetsizesand meshresolutionas depictedin
Fig. 2(c, g, d, h) whatis notthe casefor the sphericaimeta-
ballsasshowvn in Fig. 2(b, f). Having control over the pa-
rameter allows usto approximatehe explicit meshwith
an arbitrarily thin implicit surfaceandin that way to re-
lax the constraintof usingfairly regularor high resolution
mesh.

However, triangularimplicit meshmight producesmall
bulgesnearverticesandalongthe edgeshut sincewe have
controlover the slopeof the exponential eld function it
is easyto remove the bulgesby tuning to smallervalue.
Also, theproblemof tting to thewrongsideof theimplicit
surfaceis now overcomeby the very closeapproximation
of explicit surface.Choosing to bearbitrarysmallthick-
nessof theimplicit surface,evenif tting is doneto thein-
nersideof it, tting erroris negligible asshovnin Fig. 3(c,
d).

3.3. Deforming Implicit and Explicit Meshes

We have showvn thatintroducingDFFD control pointsis
an effective way to deformexplicit mesheg14]. Our idea
of convertingexplicit meshto implicit surfaceby closeap-
proximationallows to apply the samedeformationmecha-

nismbasedon DFFD controlpointsto controlthe shapeof
bothexplicit andimplicit surface.

3.3.1. Deforming Explicit Meshes Mayor advantageof

DFFD over otherFFDs[27, 8, 13, is obtainedby releas-
ing the constrainton the shapeof the control mesh,which

is the main conceptuabeometridimitation of FFDs.Here
rectangulatocal coordinatesf FFDsarereplacedoy gen-
eralizednaturalneighborcoordinatesf DFFD, alsoknown

asSibsoncoordinatesanda generalizednterpolant{10] is

applied.The ideacomesfrom the datavisualizationcom-
munity that relies on datainterpolationand, thus, heavily

dependson local coordinatesThis propertyof locality al-

lows using sparsematrix computationin our optimization
framework, whatis not the casefor other FFDswhich are
globaldeformation.

3.3.2. Computing SibsonCoordinates Every surfacetri-

angulationpoint is in uenced by certainsubsetof control
points. The magnitudeof thesein uences,known as Sib-

soncoordinate$28], arecomputednly oncebeforetheop-
timization starts[19]. Thedisplacemenbf eachsurfacetri-

angulationpoint is the linear combinationof the displace-
mentsof the controlpointsthatin uenceit.

Let be the setof all con-
trol points and be a subsetof all
control points, in uencing surface triangulation point ,

, Where as shawvn in
Fig 4(a). Subset of in uencing control pointshasbeen
extractedfrom the overall setof controlpoints , by mak-
ing Delaunaytriangulationof all control points from
andthensearchingo which circles(spheres 3D) circum-
scribedaroundDelaunayfacetssurfacetriangulationpoints

belongsto, asdepictedin Fig. 4(b). The elementsof

are the natural neighborsof  and their in uence is ex-
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Figure 4. (a) Initial position of a subset of
contr ol points and one
mesh vertex for whic h Sibson coor dinates
have to be computed. (b) Delaunay triangu-
lation of the control point set with circum-
scribed spheres around each Delaunay facet.
(c) Voronoi diagram of control points. (d)
Voronoi diagram of control point set with
added mesh vertex ,
and Sibson coordinate of contr ol point

pressedy the Sibsoncoordinates . Furtherstepis to cre-
ate Voronoi diagramout of control points from , what
will produceone Voronoi cell for eachcontrol point that
is somepolygonin 2D or polyhedronin 3D asshawn in
Fig. 4(c). Finally, insertthe surfacetriangulationpoint  to
thesetof controlpoints andredoVoronoidiagramon set
. This will add newx Voronoi cell
correspondindo the insertedpoint . It will take out parts
of thevolumesof theprecedenYoronoicellscorresponding
to controlpointsfrom , asshowvnin Fig. 4(d). Simply, for
controlpoint , partof its Voronoicell takenby thenew in-
sertedvoronoicell correspondingo , markedasdarkgray
in Fig. 4(d), normalizedwith the whole volume of the cell
, is actual Sibsoncoordinate ——,as
depictedon Fig. 4(d), which measureé uence of control
point to surfacepoint .

Letthecontrolpointsfrom  bedisplacedrom theirini-

tial positionsby , where isnumber
of in uencing controlpoints(in our example ). The
new positionof the surfacetriangulationpointbecomes:

()

with and

3.3.3. Deforming Implicit Meshes To deform implicit
surface createdfrom the explicit one either createdfrom
sphericalor triangularmetaballsit is sufcient to control
parametersvhich de ne the shapeof the metaballsLet us
considemnesingletriangle.In bothcasesmportantparam-
eterswhich de ne shapeof the metaballaredistancefunc-
tion and eitherradiusof the metaball for the case
of sphericaimetaballor thicknessof themetaball in the
caseof triangularmetaball.Distancefunction in the
caseof triangularmetabalis distanceof thepoint to
thetriangle,andin caseof the sphericalmetaballdistance
from the centerof the circumscribectircle aroundthe tri-
angle.Sincetriangle cornersare controlledby the control
points,and can be expressedas weightedlinear combina-
tion of control points,asin Eq. 5, thanthe corresponding
distancefunction alsodependson control pointsand
canbeexpresse@s:

(6)

In caseof the sphericaimetaballgadiusof the metaball

alsodepend®nthecontrolpoints,while thicknesf the
triangularmetaball is free parameteandis provided by
the user We canthereforerewrite the eld potentialfunc-
tion of Eq.4thatde nestheimplicit meshas:

(7)
where isapointin is the Eu-
clideandistanceto primitive , is the implicit surfaces
thicknessand  is numberof facets.

Note that here we have chosento use DFFD control
points to deform the explicit meshbut, that in fact, the
methodis generichecausallows usto expresshevertices'

positionsasa functionof a someotherparameters.

4. Optimization framework

Our goalis to deformthe implicit meshso thatit con-
forms to the image data which are made of 3-D points
derived from stereoand silhouetteinformation. Model is
parametrizedn terms of DFFD control points which are
connectedo a control mesh,as depictedon the Fig. 5(b),
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Figure 5. (a) Complete head and neck shoul-
ders generic surface triangulation model
whic h is converted to implicit mesh. (b) Con-
trol mesh representing triangulated DFFD
contr ol points, whic h appear to be optimiza-
tion parameter s.

representingreducedrersionof theoriginal generianodel
shavnin Fig. 5(a).

4.1. Objective Function

In standardeast-squarefashionfor eachdata-point ,
we minimizefollowing objectie function:

- - (®)

with weight , where is oneof the possibletypes
of obsenationswe use,suchas stereoand silhouetteob-
senation, is a statevectorthat
de nes the surfaceshapeandin our implementationrep-
resentgdisplacementsf the DFFD control points, is the
distancerom theeitherstereoor silhouettepointto thesur
face.In practice,we take to be the algebraicdis-
tanceof to the implicit surfacede ned by
the eld functionof of Eq.7 andcanbeexpresseas:

©)
Where is a potential eld thresholdsetto one,and
is a numberof facets.To ensurethat the minimization
proceedsmoothly the systemautomaticallycomputeghe
weights, so that the different kinds of obsenations

have commensurata uence[14].

Becauseherearebothnoiseandgapsin theimagedata,
we still foundit necessaryo introducea small regulariza-
tion term basedon the connectvity of the control mesh
shavn in Fig. 5(b). Since,we expectthe deformationbe-
tweenthe initial shapeandthe original oneto be smooth,
this canbe doneby preventingdeformationsat neighbor
ing verticesof the controlmeshto betoo different. Thisis
enforcedby introducinga deformationenegy thatap-
proximateshe sumof the squareof the derivativesof dis-
placementg&crosshe control surface.By treatingthe con-
trol triangulationfacetsas ~ nite elementsye write

(10)

where s a stiffnessmatrix and and  arethe
vectorsof the x, y and z coordinatesof the control ver-
tices' displacementsThe termwe actually optimize using
Levenbeg-Marquadtalgorithm[25] becomes:

- (11)

where is asmallpositive constant.

4.2. Stereoand Silhouette Obsewations

In this work, we concentrateon combining stereoand
silhouettedata.Becausethe eld function of Eq. 7 is
both well-de ned and differentiable the obserationsand
their derivativescanbe computedboth simply andwithout
search.

Steeo ObservationsDisparity mapsare usedto compute
cloudsof noisy3-D pointssuchasthoseof Fig. 5. For each
oneof the kind we expressthe distanceof the obsenation
to the model de ned by Eqg. 9. Minimizing the norm de-
ned by Eq. 11 tendsto force the modelto be ascloseas
possibleto the obsenations.Becauseof the long rangeef-
fect of the exponential eld function of Eq.7,the tting
succeedsvenwhenthemodelis not very closeto thedata.
Also, duringleast-squaresptimization,obsenationswhich
appeatto be outliershave smalleralgebraicdistancewhen
they arefurtherfrom the model. This meanshatthe error
measurepproachegeroinsteadof becomingevengreater
with growing distancewhat hasthe effect of Itering out-
liers.

SilhouetteDbservationsA silhouettepointin theimagede-
nes a line of sighttangentialto the surface.Let be an
statevector For eachvalue , we de ne theimplicit sur

face:

(12)
Let bethepointontheline of sightwhereit is tangen-
tial to . By de nition, it mustsatisfytwo constraints:

1. Thepointis onthesurface therefore



Figure 6. Reconstruction

from an uncalibrated video sequence . Left column: 3 of 6 images from

a short video sequence with overlaid silhouettes on head, neck and shoulder s. Second column:

Disparity maps extracted from rectied consecutive
Third column: Textured reconstructed model with triangular metaballs

ter automated registration.

image pairs using max o w-based stereo, af-

where overlaid silhouettes show correct tting to silhouettes. Forth column: Animated reconstructed

model.

2. Thenormalto
at

is perpendiculato theline of sight

We integratesilhouetteobsenationsinto our framework by
performing,beforeeachminimization, a searchalongthe
line of sightto nd thepointthathasthelowest eld value
andfurther mustsatisfythe secondconstraintasit is done
in [22].

5. Results

Here we usethe example of head,neck and shoulder
modeling to demonstrateour methods applicability We
start with the generichead,neck and shouldermodel as
shawvn in Fig. (a) andFig. 2(a) when tting triangularim-
plicit meshthathasa comple topologyandis madeof very
irregularfacetsandwith remeshediighresolutionrmodelas
shavn in Fig. 2(e)when tting sphericaimplicit mesh.

Reconstructiorand Animation In Fig. 5 we shav recon-
structionresultsusing stereoand silhouettedataobtained
from an initially uncalibrated6—framevideo sequencen
whichthe cameravas Iming a moving subject.In theleft
column,we shaw the rst, middleandlastframesof these-
guenceWe usedsnalesto extractthe silhouettesshavn as
white lines. In the absenceof calibrationinformation,we
useda model-driven bundle-adjustmentechnique[12] to

computethe relative motion and, thus,registertheimages.
We thenuseda graph-cutechniqug26] to derive disparity
mapsfrom consecutie images suchasthoseshavn in the
seconctolumn.in thethird column,we show reconstructed
modelusingtriangularimplicit meshreprojectedusingthe
samecameracorrespondingo the imagesin the rst col-
umn. Notice thatoutlinedsilhouettesvhich aretaken from
theoriginalimagepreciselylay on thereprojectednodel.

Furthermorejn Fig. 7 we comparetting quality of re-
sultsobtainedby tting following modelsto sterecandsil-
houettestheexplicit mesh( rst row), theimplicit spherical
mesh(secondrow), andthe triangularimplicit mesh(third
column).Obtainedresultsarereprojectedbackto the cor
respondingviews of the cameraandimportantdetailsare
zoomedn. Firstandthelastendcolumnrepresentwo dif-
ferentcameraviews, while middle columnsshaow closeups.

Notice that when tting mesh because of non-
differentiable distance function we have wrong result
on the right shoulderand on the right side of the faceas
shavnin the rst row of Fig. 7. In the caseof tting spher
ical implicit mesh,asdepictedin the secondrow of Fig. 7,
even thoughwe usehigh resolutionmodel, the result ob-
tainedsuffers from the problemof thick implicit surface,
asexplainedin Fig. 3 whereinner side of the implicit sur
faceis tted to the silhouettesin the neckareawhat pro-
duceswrongresulton the left shouldertoo. Finally, tting



Figure 7. Reconstruction results comparing

tting to stereo and silhouettes of the follo wing models:

Explicit mesh (r st row), Spherical implicit mesh (second row), and Triangular implicit mesh (third

column)

of the triangular implicit meshis depictedin the bot-
tom row of Fig. 7. In this casewell alignedre-projection
of the reconstructednodel with overlaid silhouettesin-
dicates quality of the reconstruction,though we used
low resolutionirregular mesh.The texture-mappednod-
els depictedon the right side column of Fig. 5 and the
shadedviews were generatedby using only explicit sur
face, thereby underlining the importance of deforming
explicit and implicit surfacesin tandem. It is impor-
tant to stressthat obtainedavatar can be animatedusing
optimal positionof the control pointsobtainedfrom our al-
gorithmasa startingcon guration. Someanimationresults
areshownin forth columnof Fig. .

6. Summary and Conclusions

We have presentedan approachto switching from ex-
plicit surfacesto implicit that allows us to take advantage
of the strengthsof both kinds of approachesTo this end,
we have proposeda techniquefor creatingimplicit meshes
in sucha way thattheir shapedependnly on the explicit
surfaces'shapeandthatthey are both parametrizedn the

sameway. Particularlywe chooseDFFD to deformtheim-

plicit andexplicit modelsin tandem but the way how im-

plicit shellsare createdallows using of ary other defor

mation methodincluding direct meshmanipulationor in-

directmeshmanipulationusing setof control points. This
meanghatary FFD, or B-splinebasedpproachof deform-
ing mesheganbeusedo deformtheirimplicit shells Also,

someotherindirect methodsfor explicit surfacedeforma-
tion, suchas PCA parmetrizationcan be usedto deform
ourimplicit meshes.

We usedthe example of upperbody modeling using
sterecandsilhouettedatato demonstrateéhe power of this
approachThe explicit modelwe startedfrom was not tai-
loredfor tting purposesandhasno manfacetsbut hasa
complex topology, neitherof which hasa signi cant impact
onthequality of the tting or thecomplexity of thecompu-
tation.

Our next stepwill be to explore the useof this method
for trackingupperbody motion form monocularvideo se-
guencesvhat shouldautomaticallyproduceanimationpa-
rametersof the model. We expectthis to resultin a com-
pletely genericapproachfor modelingandanimationfrom



images.
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