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Abstract

In thispaperwepresenta new approach to highquality3D
objectreconstruction.Startingfroma calibratedsequence
of color images, the algorithm is able to reconstructboth
the3D geometryandthetexture. Thecore of themethodis
basedona deformablemodel,which de�nestheframework
where textureandsilhouetteinformationcanbefused.This
is achievedbyde�ning twoexternalforcesbasedontheim-
ages: a texture driven force and a silhouettedriven force.
Thetexture force is computedin two steps:a multi-stereo
correlationvotingapproach anda gradientvector�ow dif-
fusion. Due to the high resolutionof the voting approach,
a multi-grid version of the gradient vector �ow has been
developed.Concerningthe silhouetteforce, a new formu-
lation of the silhouetteconstraint is derived. It providesa
robustwayto integratethesilhouettesin theevolutionalgo-
rithm. Asa consequence, weare ableto recover theappar-
entcontoursof themodelat theendof theiterationprocess.
Finally, a texturemapis computedfromtheoriginal images
for thereconstructed3D model.

1. Intr oduction

As computergraphicsand technologybecomemore
powerful, attentionis beingfocusedon the creationor ac-
quisitionof high quality 3D models.As a result,a greatef-
fort is beingmadeto exploit thebiggestsourceof 3D mod-
els: the real world. Among all the possibletechniquesof
3D acquisition,thereis one which is speciallyattractive:
the image-basedmodeling. In this kind of approach,the
only input datato thealgorithmarea setof images,possi-
bly calibrated.Its mainadvantagesarethe low costof the
systemand the possibility of immediatecolor. The main
disadvantageis thequalityof thereconstructionscompared
to the quality of more active techniques(rangescanning
or encoded-lighttechniques).We presentin this paperan
image-basedmodelingapproachthat offers the possibility
of high quality reconstructionsby mixing two orthogonal
imagedatainto a sameframework: silhouetteinformation

andtexture information. Our two maincontributionsarea
new approachto thesilhouetteconstraintde�nition andthe
highqualityof theoverall system(seeFig.1).

2. RelatedWork

Acquiring 3D models is not an easy task and abun-
dant literature exists on this subject. There are three
main approachesto the problemof 3D acquisition: pure
image-basedrendering techniques, hybrid image-based
techniques,and3D scanningtechniques.Pureimage-based
renderingtechniquesas [2, 20] try to generatesynthetic
views from a givensetof original images.They do not es-
timate the real 3D structurebehindthe images,they only
interpolatethe given setof imagesto generatea synthetic
view. Hybrid methodsas[5, 19] make a roughestimation
of the 3D geometryand mix it with a traditional image-
basedrenderingalgorithmin orderto obtainmoreaccurate
results. In both typesof methods,the goal is to generate
coherentviews of therealscene,not to obtainmetricmea-
suresof it. In oppositionto thesetechniques,thethird class
of algorithmstry to recover the full 3D structure.Among
the 3D scanningtechniques,we candistinguishtwo main
groups:active methodsandpassive methods.Active meth-
odsuseacontrolledsourceof light suchasalaseror acoded
light in orderto recoverthe3D information[25, 4, 14]. Pas-
sive methodsuseonly theinformationcontainedin theim-
agesof thesceneandarecommonlyknown asshapefrom
X methods. They can be classi�ed accordingto the type
of informationthey use. A �rst classconsistsof theshape
from silhouettemethods[1, 23, 28, 22, 18]. They obtain
aninitial estimationof the3D modelknown asvisualhull.
They arerobust andfast,but becauseof the type of infor-
mationused,they arelimited to simpleshapedobjects.We
can �nd commercialproductsbasedon this technique.A
secondclasscorrespondsto the shapefrom shadingmeth-
ods. They are basedon the diffusing propertiesof Lam-
bertiansurfaces.They mainly work for 2.5D surfacesand
are very dependenton the light conditions. A third class
of methodsusescolor consistency to carve a voxel volume
[26, 17]. But they only provide anoutputmodelcomposed



of a set of voxels which makes dif�cult to obtain a good
3D meshrepresentation.A fourth classof methodsarethe
shapefrom stereoapproaches.They recover the shapeby
maximizinga stereo-basedenergy [10, 24]. As a special-
ization of this group, thereareparticularmethodsthat try
to useat thesametime anothertypeof informationsuchas
silhouettesor albedo. Although very goodresultsareob-
tained,thequality is still limited, andthemainproblemis
theway thefusionof differentdatais done.Some,suchas
[17, 3] usea volumegrid for the fusion. Otherslike [15]
do the fusion in the imagedomain. Finally, a deformation
modelframework canbeusedasin [8]. Thealgorithmwe
presentin this papercanbeclassi�edin this lastgroup.We
performthefusionof bothsilhouettesandtextureinforma-
tion by adeformationmodelevolution. Themaindifference
with themethodsmentionedabove is theway thefusion is
accomplished,which allows us to obtainvery high quality
reconstructions.

3. Algorithm Overview

Thegoalof thesystemis to beableto reconstructa 3D
objectonly from asequenceof geometricallycalibratedim-
ages. To do so, we disposeof several typesof informa-
tion containedin the images. Among all the information
available, shading,silhouettesand featuresof the object
are the mostuseful for shaperetrieval. Shadinginforma-
tion needsa calibrationof the light sources,which implies
a stronglycontrolledenvironmentfor the acquisition.The
useof the silhouettesrequiressimply a goodextractionof
theobjectfrom thebackground,which, however, is not al-
waysvery easyto accomplish.Finally, of all the features
availablefrom anobject,suchastexture,points,contours,
or morecomplicatedforms,wearemainly interestedin tex-
ture. Therefore,the informationwe try to useconsistsof
silhouettesandtexture. The next stepis to decidehow to
mix thesetwo typesof information to work together. As
we will see,this is not aneasytask,becausethosetypesof
informationareverydifferent,almostorthogonal.

The framework that we have chosenfor the fusion of
both datais a classicalsnake [9]. This deformablemodel
allows us to de�ne an optimal surfacewhich minimizesa
globalenergy E. In our case,theminimizationproblemis
posedas follows: �nd the surfaceS of R3 that minimizes
theenergy E(S) de�ned asfollows:

E(S) = Etex(S) + Esil(S) + Eint(S); (1)

whereEtex is theenergy termrelatedto thetextureof the
object,Esil the term relatedto the silhouettesandEint is a
regularizationtermof thesurfacemodel. Minimizing Eq.1

means�nding Sopt suchthat:

ÑE(Sopt )= ÑE tex(Sopt )+ ÑEsil(Sopt )+ ÑE int (Sopt )= 0;
= F tex(Sopt ) + F sil(Sopt) + F int (Sopt) = 0;

(2)
wherethegradientvectorsF tex, F sil andF int representthe
forceswhichdrive thesnake.

Equation2 establishestheequilibriumconditionfor the
optimal solution,wherethe threeforcescanceleachother
out. A solutionto Eq.2canbefoundby introducinga time
variablet for thesurfaceSandsolvingthefollowing differ-
entialequation:

St = F tex(S) + F sil(S) + F int(S): (3)

Thediscreteversionbecomes:

Sk+ 1 = Sk + Dt(F tex(S
k) + F sil(S

k) + F int(S
k)) : (4)

Oncewe have de�ned the energiesthat will drive the pro-
cess,weneedto makeachoicefor therepresentationof the
surfaceS. This representationde�nestheway thedeforma-
tion of thesnake is doneat eachiteration.We have chosen
thetriangularmeshrepresentation,becauseof its simplicity
andwell known properties.

To completelyde�ne the deformationframework, we
needaninitial valueof S, i.e.,aninitial surfaceS0 thatwill
evolve underthedifferentenergiesuntil convergence.

In thispaper, wedescribethesnake initialization in Sec-
tion4, theforcedrivenby thetextureof theobjectin Section
5, the forcedrivenby thesilhouettesin Section6, how we
control themeshevolution in Section7. We �nally discuss
our resultsin Section8.

4. Snake Initialization

The �rst stepin our minimizationproblemis to �nd an
initial surfacecloseenoughto theoptimalsurfacein order
to guaranteea goodconvergenceof the algorithm. Close
hasto beconsideredin ageometricalandtopologicalsense.
Thegeometricdistancebetweentheinitial andoptimalsur-
faceshasto bereducedin orderto limit thenumberof itera-
tionsin thesurfacemeshevolution processandtherebythe
computationtime. Thetopologyof theinitial surfaceis also
very importantsinceclassicaldeformablemodelsmaintain
the topologyof the meshduring its evolution. On the one
hand,this imposesastrongconstraintthatmakestheinitial-
ization a very importantstepsincethe initial surfacemust
capturethetopologyof theobjectsurface.Level-setbased
algorithms[27] have the intrinsic capability to overcome
this problembut in practicethetopologyremainsvery dif-
�cult to control. On theotherhand,the topology-constant
propertyof a classicalsnake provides more robustnessto
theevolutionprocess.



If we make a list of possibleinitializations,we canes-
tablishan orderedlist, wherethe �rst andsimplestinitial-
izationis theboundingboxof theobject.Thenext simplest
surfaceis the convex hull of the object. Both the bound-
ing boxandtheconvex hull areunableto representsurfaces
with a genusgreaterthan0. A morere�ned initialization,
which lies betweentheconvex hull andtherealobjectsur-
faceis thevisualhull [12]. Thevisualhull canbede�ned
asthe intersectionof all the possibleconescontainingthe
object.In practice,adiscreteversionis usuallyobtainedby
intersectingtheconesgeneratedby backprojectingtheob-
jectsilhouettesof agivensetof views. As adifferencewith
the convex hull, it canrepresentsurfaceswith an arbitrary
numberof holes. However, the topologyof thevisualhull
dependson the discretizationof the views, andsomereal
objectsmay have holesthat cannotbe seenasa silhouette
hole from any point of view. In suchcase,the visual hull
will fail to representthecorrecttopologyof theobject.

Computingthevisualhull from asequenceof imagesis a
verywell known problemof computervisionandcomputer
graphics[23, 22, 19]. We areinterestedin producinggood
qualitymeshes(eulerian,smooth,highaspectratio)with the
right topology. Volumecarvingmethodsarea goodchoice
becauseof thehigh quality outputmeshesthatwe canob-
tain througha marchingcube[16] or marchingtetrahedron
algorithm.Thedegreeof precisionis �x edby theresolution
of thevolumegrid, which canbeadaptedaccordingto the
requiredoutput resolution. However this adaptabilitycan
alsogenerateadditionalproblemsof topology: if the reso-
lution of thegrid is low comparedto thesizeof thevisual
hull structures,the aliasingproducedby the sub-sampling
may producetopologicalartifactsthat the theoreticvisual
hull doesnot have. But they canbeavoidedby increasing
theprecisionof thealgorithmor by �ltering thesilhouettes.

5. TextureDri venForce

In thissectionwede�ne thetextureforceF tex appearing
in Eq.2which contributesto recover the3D objectgeome-
try during thesnake evolution process.We want this force
to maximizethe texture coherenceof all the camerasthat
seethesamepartof theobject.It is basedon thefollowing
projective geometryproperty: if two camerasseethesame
texturedsurface,thenthe two imagesarerelatedby a ge-
ometricrelationthat dependsonly on the 3D geometryof
the object. This propertyis only valid underthe common
hypothesisof perfectprojective cameras,perfectLamber-
tiansurfaceandthesamelighting conditions.Thisproperty
can be usedin two different typesof applications: i) for
imagebasedrenderingby simulatinga virtual view from
a setof known views andan estimationof the 3D geome-
try of the object, ii) for 3D recovery from a setof known
views,wherewe searchthesurfacethatmaximizesthetex-

turecoherenceof the images.Our problemcorrespondsto
the secondtype of applications.We de�ne �rst in section
5.1a texturecoherencemeasure.In section5.2wedescribe
thevotingapproachwhichweproposeto recover3D geom-
etry. In section5.3we explain how thetexturedrivenforce
is derived from the datacollectedby the voting approach
usingamulti-grid gradientvector�o w.

5.1. TextureCoherenceCriterion

If we know the 3D geometry, thereexist variousmeth-
ods to measurethe texture coherence.The simplestmea-
surewould be thecolor differencebetweenthe two pixels.
But it is too local a measuresinceit only usesone sam-
ple per texture. It is then very sensitive to noise. More
robustmeasuresuseseveralsamplespertextureby consid-
eringaneighborhoodaroundthepixels.A usualcriterionis
thenormalizedcross-correlationbetweenthetwo neighbor-
hoods. This measurecomparesthe intensitydistributions
insidethe two neighborhoods.It is invariantto changesof
the meanintensityvalueandof the dynamicrangeinside
theneighborhoods.This criterionis morerobustto failures
in theLambertianhypothesisfor thesurfaces.

If wedonotknow the3D geometry, wecantry to recover
it by maximizing the texture criterion for a given set of
views. Two differenttypesof approachesfor this optimiza-
tion havebeenproposedin theliterature.In the�rst typethe
texturesimilarity is usedto evaluatea currentmodel.If the
measureis improvedby deformingthemodellocally, then
themodelis updatedandtheprocessiteratedasin [8, 7] or
asin level-setbasedmethods[10,24] whereavolumicband
is exploredaroundthecurrentmodel.In this�rst typeof ap-
proachesthe explorationremainslocally dependenton the
currentmodel. Sincethe explorationdoesnot testall the
possiblecon�gurations, the algorithm can fail becauseof
local maximaof the texture coherencecriterion. The sec-
ond type of approachesconsistsof testingall the possible
con�gurations.Thisallows makingamorerobustdecision.
In orderto improve even morethe robustness,we cancu-
mulatethecriterionvaluesinto a 3D grid by usinga voting
approachasin [17, 21]. We usethis kind of approachsince
it is veryrobustin thepresenceof highlights(e.g.seedetails
in Fig.1 left) andit allows usto passfrom theimageinfor-
mationto amoreusableinformationof thesort“probability
of �nding asurface”.

5.2. ProposedVoting Approach

Theproposedvotingapproachis basedonamulti-stereo
correlationcriterion suchasthe onedescribedin [6]. The
multi-stereocomputationis donefor all thepixelsof all the
imagesandtheresulting3D estimationsarecumulatedinto
a voxel grid. Theproblemwith this sortof algorithmis the
computationtime. For large imagesasthosewe areusing



(2000x3000),it canreach16hoursonafastmachine.How-
ever thiscomputationtimecanbestronglyreducedwith al-
mostno lossby usingthecomputationredundancy. Wedis-
tinguishthe redundancy betweendifferent imagesandthe
redundancy insideanimage.

The redundancy betweenimageshappenswhenseveral
imagesseea samepart of the object surface. If we have
alreadycomputedasurfaceestimationusingoneimage,we
canbackprojectthe3D pointsinto theotherimages,giving
aninitial estimationof thedistanceto thesurface.Theprob-
lem is that if theprevious imagedid not correlatewell, er-
rorsmaypropagateandprevent thefollowing imagesfrom
attenuatingit.

Theredundancy insideanimageis dueto thecontentof
the image. In our case,it is a pictureof anobject,andwe
canexpectit to be locally continuous.This implies that, if
thesurfaceis correctlyseenandif thereis noocclusion,the
depthvaluesfor neighboringpixelsshouldnot bevery dif-
ferent.Thiscanbeexploitedin orderto reducethedepthin-
terval for thecorrelationcriterion. In thegreedyalgorithm,
for eachpixel, we testthe entiredepthinterval de�ned by
the visual hull without taking into accountif its neighbors
have alreadyfound a coherentsurface. To be ableto ben-
e�t from alreadycomputedcorrelations,the imagecanbe
partitionedinto differentresolutionlayers.Thenthegreedy
algorithm is run on the lowest resolutionpixels, with the
depthinterval de�ned by the visual hull. For consecutive
layers,the depthinterval is computedusing the resultsof
theprecedentlayer. To estimatethedepthinterval of apixel
basedon the resultsof the previous layer, a recordof the
correlationvaluesis maintainedin orderto controlthereli-
ability of theestimation.Besidestheimprovementin com-
putationtime,animprovementin storagespaceis obtained
by substitutingthe3D volumegrid by a morecompactoc-
treestructure.Theproposedalgorithmcanbecodedas:

For each image in imageList
For each layer in image
For each pixel in layer
If layer = �rst layer

Compute the depth interval from the visual hull
Else

Compute the depth interval from the previouslayer
Compute the correlation curves
Transform all the curvesinto the samecoordinate system
Find the best candidatedepth
If correlation value < threshold, continue with next pixel
Compute the 3D position P of the candidatedepth
Add the correlation value to the octree

The theoreticalmaximumimprovementthat we canreach
with this methodin the caseof 3 layersis 16 timesfaster
thanthegreedymethod.Theworstcasewould correspond
to a non textured imagewherecorrelationsbecomeunre-
liable and the depthinterval estimationfails, which leads

to the samecomputationtime thanthe greedymethod. In
practice,the improvementis about5 or 6 times fasterfor
well-texturedimages.

Theresultof thecorrelationstepis a 3D octreecontain-
ing thecumulatedhitsof all thepixel estimations.Thisvol-
umeby itself cannotbeusedasaforceto drivethesnake. A
possibleforcecouldbe thegradientof thecorrelationvol-
ume. Theproblemis that this is a very local forcede�ned
only in thevicinity of theobjectsurface.Theproposedso-
lution to thisproblemis to useagradientvector�o w (GVF)
�eld to drive thesnake.

5.3. Octree-basedGradient Vector Flow

TheGVF �eld wasintroducedby [29] asa way to over-
comea dif�cult problemencounteredwith traditional ex-
ternal forces: their capturerange. This problemis caused
by the local de�nition of theseforces,andthe absenceof
an informationpropagation mechanism.To eliminatethis
drawback,andfor all the forcesderived from the gradient
of a scalar�eld, they proposedto generatea vector �eld
forcethatpropagatesthegradientinformation.TheGVF of
ascalar�eld f is de�nedasthevector�eld v thatminimizes
thefollowing energy functionalE:

E =
Z

mjjÑvjj2 + jjv � Ñ f jj2jjÑ f jj2;

wheremis theweightof theregularizationterm.
TheGVF canbeseenastheoriginal gradientsmoothed

by the actionof a Laplacianoperator. This smoothingac-
tion allowsusatthesametimeto eliminatestrongvariations
of thegradientvector�eld andto producea propagationof
thegradient.Thedegreeof smoothing/propagation is con-
trolled by m. If mis zero,theGVF is theoriginal gradient,
if m is very large, theGVF is a constant�eld whosecom-
ponentsarethemeanof thegradientcomponents.

Sinceour datahave beenstoredin an octreestructure,
a multi-resolutionversionof the GVF algorithmhasbeen
developed.

6. SilhouetteDri venForce

Thesilhouetteforce is de�ned asa forcethatmakesthe
snake matchthe original silhouettesof the sequence.If it
is the only force of the snake, the modelshouldconverge
towardsthevisualhull. Sincewe areonly interestedin re-
spectingsilhouettes,the force will dependon the self oc-
clusion of the snake. If there is a part of the snake that
alreadymatchesaparticularsilhouette,therestof thesnake
is no moreconcernedby that silhouette,sincethe silhou-
ette is alreadymatched. If we comparea visual hull and
the real object,we seethat the entire real objectmatches
thesilhouettes,but not all thepointsof theobject.Theob-
jectconcavitiesdonotobey any silhouettebecausethey are



Figure 1. Differ ent stepsin the reconstruction processof the Twins model. From left to right: image acquisition (top: some
sequenceimages,bottom: details),visual hull initialization, shaded�nal modeland textured �nal model. The reconstructedmodel
has83241vertices.

occludedby apartof theobjectthatalreadymatchesthesil-
houettes.Themainproblemis how to distinguishbetween
pointsthathave to obey thesilhouettesandthosethathave
not. This is equivalentto �nding the apparentcontoursof
theobject. Thesilhouetteforcecanbe in factdecomposed
into two differentcomponents:a componentthatmeasures
the silhouette�tting, anda componentthat measureshow
strongly the silhouetteforce shouldbe applied. The �rst
componentis de�ned asa distanceto thevisualhull. For a
3D vertex PM onthesnakemeshthiscomponentcanbeim-
plementedby computingthe smallestsigneddistancedVH
betweenthe contoursof a silhouetteSi andthe projection
P iPM of thepoint into theimagecorrespondingto Si :

dVH (PM) = min
i

d(Si ;P iPM):

A positive distancemeansthat the projectionis insidethe
silhouette,andanegativedistancethattheprojectionis out-
sidethe silhouette.Using only this force would make the
snakeconvergetowardsthevisualhull. Thesecondcompo-
nentmeasurestheocclusiondegreeof a point of thesnake
for agivenview point. Theview point is chosenasthecam-
erathatde�nesthedistanceto thevisualhull:

a (PM) =

(
1 for dVH (PM) � 0

1
(1+ d(Scsnake;P cPM))n for dVH (PM) > 0 ;

c(PM) = argmini d(Si ;P iPM):

In the de�nition of a (PM), therearetwo cases.If dVH is
negative, it meansthat the point is outsidethe visual hull.

In that case,the force is always the maximumforce. For
a point insidethe visual hull, c is the camerathat actually
de�nes its distanceto thevisualhull. Scsnake is thesilhou-
ettecreatedby the projectionof the snake into the camera
c. The power n controlsthe decreasingratio of a . This
function givesthe maximumsilhouetteforce to the points
thatcomposetheapparentcontours.Therestof thepoints,
whichareconsideredasconcavities,areweightedinversely
to thedistanceto thesilhouette.Thisallowsthepointsof the
snaketo detach themselvesfrom thevisualhull. A big value
of n allowsaneasierdetachment,but theforcebecomestoo
local anddoesnot allow smoothtransitionsbetweencon-
cavities andcontours.Thevalueusedin practiceis n = 2,
which is a compromisebetweensmoothnessandconcavity
recovery.

The�nal silhouetteforcefor agivenpointof thesnakeis
a vectordirectedalongthenormalto thesnake surfaceNM
andits magnitudeis theproductof bothcomponents:

F sil(PM) = a (PM)dVH (PM)NM(PM)

7. MeshControl

Having de�nedthetextureandsilhouetteforcesF tex and
F sil , i.e. theexternalforces,thelastforceto detailis thein-
ternalforceF int . Thegoalof theinternalforceis to regular-
ize theeffect of theexternalforces.We de�ne the internal
regularizationasaforcethattriesto moveagivenpointv of
themeshto thecenterof gravity of its 1-ringneighborhood:

F int(v) =

 
1
m

m

å
i= 1

vi � v

!

;



wherevi is the ith neighborof v. If the only force in the
snake is theinternalforce,themeshwill collapseunderthe
actionof thebarycentric�ltering.

Sincethe texture forcesF tex cansometimesbeparallel
to the surfaceof the snake, in the snake evolution we use
astexture force its projectionF N

tex over the normalof the
surface:

F N
tex(v) = (F tex(v) � N(v))N(v):

This avoids problemsof coherencein the texture force of
neighborpointsandhelpstheinternalforceto keepa well-
shapedsurface. The snake evolution process(Eq.4)at the
kth iterationcanthenbe written asthe evolution of all the
pointsof themeshvi :

vk+ 1
i = vk

i + Dt(F N
tex(v

k
i ) + bF sil(v

k
i ) + gF int(v

k
i )) ; (5)

whereDt is the time stepandb andg are the weightsof
the silhouetteforce andthe regularizationterm, relative to
the texture force. Equation5 is iterateduntil steady-state
of all the points of the meshis achieved. The time step
Dt hasto be chosenas a compromisebetweenthe stabil-
ity of theprocessandtheconvergencetime. An additional
stepof remeshingis doneat the end of eachiteration in
orderto maintaina minimumanda maximumdistancebe-
tweenneighborpoints of the mesh. This is achieved by
a controlleddecimationof themeshbasedon theedgecol-
lapseoperatorandacontrolledre�nementbasedonthe

p
3-

subdivisionalgorithm[11].

8. Results

In this sectionwe presentseveral resultsobtainedwith
the proposedapproach. We use also a texture mapping
methodsimilar to theonein [13]. But we have further im-
provedthequality of thetextureby �ltering thehighlights.
This is possiblethanksto theavailability of several images
seeingagiventriangle.

All thereconstructionspresentedin thispaperwhereob-
tainedfrom a singleaxis rotationsequenceof 36 images,
eachimagehaving 2008x3040pixels. Thevaluesof b and
g arethesamefor all thereconstructions:b = 0:2,g= 0:15.
Becausethesnake iterationis alwaysdonein thevoxel co-
ordinatesystemof theGVF octree,thevalueof b only de-
pendson the ratio betweenthe imagessizeandthe octree
size.Typical valuesof g arebetween0.1and0.25,depend-
ing on therequiredsmoothness.

Computationtimesaredominatedby thecorrelationvot-
ing step: a typical computationtime for 36 imagesof 6
Mpixelsis about3 hoursonaP41.4GHzmachine.

Figure2 illustratesthe in�uence of thesilhouetteforce.
Thesupportof theobjectdoesnotprovideany textureinfor-
mationandcannotbe reconstructedusingthe only texture
force(Fig.2 left). Adding silhouetteconstraintssolvesthis

Figure 2. Twins model detail after convergence. Left: evolu-
tion under the texture force only. Right: evolution under the
texture forceand the silhouetteforce.

problemandguaranteesthatthedeformablemodelrespects
thevisualhull in this region (Fig.2right).

In Fig.3we illustratethedifferentforcesusedin thede-
formablemodel. Ten octreelevels areusedin the voting
approach(top andmiddle left), which providesa high pre-
cisionin thegradientvector�o w computation(topandmid-
dle right). At theendof theiterative process,a steady-state
for the entiremeshis achieved, andconcavities areauto-
maticallydetected(bottom).

In Fig.4 a completereconstructionis presentedusing
both silhouetteand stereo. We are able to recover many
details with high accuracy as can be seenin Fig.4 (bot-
tom): observe for instancethe quality of reconstructionof
thebraceletandof therope.

Anotherexampleis shown in Fig.5. We canappreciate
the quality of the tunic folds reconstruction.It shows that
themethodis powerful evenfor thereconstructionof small
concavities. They arecorrectlydetectedanddetachedfrom
thevisualhull.

In Fig.6we presenthow thelack of goodimagecorrela-
tionsis handledby theproposedapproach.In Fig.6 top left
we canclearly seepartswith a dark brilliant non-textured
materialwhich producesbadcorrelationresults(Fig.6 top
right). The �nal modelwill converge to the texturedsur-
facewhenever it exists and to the visual hull everywhere
else(Fig.6bottom),producingsomesurfacereconstruction
errorsin thisarea.

In Fig.7 we presenta comparisonbetweena laserac-
quisitionmethod(left) andtheproposedmethod(right).We
have lessresolutionin our reconstructedmodeldueto the
stereolimitationsandtheregularizationterm.However, the
meshquality is quitegoodandthemainobjectconcavities
arewell recoveredtoo.

9. Conclusionand futur ework

We have presenteda new approachto 3D objectrecon-
structionbasedonthefusionof textureandsilhouetteinfor-
mation. Our two main contributionsarethe de�nition and
thefusionof thesilhouetteforceinto thesnake framework,



Figure 3. External forces used in the reconstruction of the
African model. Top left: the octreepartition usedin the com-
putation of the gradient vector �o w �eld. Top right: norm of
the gradient vector �o w �eld. Middle: details. Bottom left:
dVH silhouettecomponentafter convergence.Bottom right: a
componentof the silhouetteforceafter convergence.

andthe full systemapproachwheredifferentknown tech-
niquesareusedandimprovedin orderto obtainhighquality
results.Thetwo main limitationsof thealgorithmarealso
its two main sourcesof robustness:the volumevoting ap-
proachandthetopologyconstantsnake approach.Thevot-
ing approachallows good reconstructionsin the presence
of highlights,but the3D grid usedalsolimits themaximum
resolutionof the3D model.A way to overcomethis limita-
tion couldbeto introducethe�nal modelinto anothersnake
evolutionwherethetextureenergy computationwould take
into accountthe currentsurface(tangentplaneor quadric
basedcross-correlation).Sincethe initial modelis already
very closeto the real surface,only someiterationswould
suf�ce to converge. The seconddrawbackis the topology
constantevolution. It allows a guarantedtopologyof the
�nal modelbut it is alsoa limitation for somekind of ob-
jectswherethe topologycannotbe capturedby the visual

Figure 4. African model after convergence(57639vertices).
Top left: Gouraud shading. Top right: sameview with tex-
tur emapping. Bottom: Detail of the modelafter convergence.

hull concept. A possiblesolutionwould be to detectself
collisionsof thesnake,andto launcha local level-setbased
methodin order to recover the correct topology. Further
work includes:i) theself calibrationof theimagesequence
usingboththesilhouettesandtraditionalmethods,ii) anim-
provedstrategy for theconvergeof thesnake in orderto ac-
celeratetheevolution in theemptyconcavitity regions,iii)
thepossibleuseof thesurfacecurvaturesto allow a multi-
resolutionevolutionof themesh,iv) amoreadvancedwork
in thegenerationandvisualizationof thetexturemapping.
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