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Abstract

In this paperwe presenta new approac to high quality 3D
objectreconstruction.Startingfroma calibratedsequence
of color images, the algorithm is able to reconstructboth
the 3D geometryandthetexture. Thecore of the methodis
basedon a deformablanodel,which de nestheframevork
whele texture andsilhouettenformationcanbefused.This
is achievedby de ning two externalforcesbasedontheim-
ages: a texture driven force and a silhouettedriven force
Thetexture force is computedn two steps: a multi-steeo
correlationvotingapproad anda gradientvector ow dif-
fusion. Dueto the high resolutionof the voting appoad,
a multi-grid version of the gradientvector ow has been
developed. Concerningthe silhouetteforce, a new formu-
lation of the silhouetteconstrint is derived. It providesa
robustwayto integratethesilhouettesn the evolutionalgo-
rithm. Asa consequenceave are ableto recovertheappar
entcontous of themodelat theendof theiteration process.
Finally, a texture mapis computedromtheoriginal images
for thereconstructeD model.

1. Intr oduction

As computer graphics and technology becomemore
powerful, attentionis beingfocusedon the creationor ac-
quisitionof high quality 3D models.As aresult,a greatef-
fort is beingmadeto exploit the biggestsourceof 3D mod-
els: therealworld. Among all the possibletechniquesof
3D acquisition,thereis one which is specially attractve:
the image-basednodeling. In this kind of approachthe
only input datato the algorithmarea setof images,possi-
bly calibrated.Its main advantagesarethe low costof the
systemand the possibility of immediatecolor. The main
disadantages the quality of thereconstructionsompared
to the quality of more active techniquegrange scanning
or encoded-lightechniques).We presentin this paperan
image-basednodelingapproachthat offers the possibility
of high quality reconstructiondy mixing two orthogonal
imagedatainto a sameframeawvork: silhouetteinformation
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andtexture information. Our two main contribtutionsarea
new approachto thesilhouetteconstraintde nition andthe
high quality of the overall system(seeFig.1).

2. RelatedWork

Acquiring 3D modelsis not an easytask and akun-
dant literature exists on this subject. There are three
main approachego the problemof 3D acquisition: pure
image-basedrendering techniques, hybrid image-based
techniguesand3D scanningechniquesPureimage-based
renderingtechniquesas [2, 20] try to generatesynthetic
views from a given setof originalimages.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 traditionalimage-
basedenderingalgorithmin orderto obtainmoreaccurate
results. In both typesof methodsthe goal is to generate
coherentviews of thereal scene notto obtainmetric mea-
suresof it. In oppositionto thesetechniquesthethird class
of algorithmstry to recover the full 3D structure. Among
the 3D scanningtechniqueswe candistinguishtwo main
groups:actve methodsandpassve methods Active meth-
odsuseacontrolledsourceof light suchasalaseroracoded
lightin orderto recoverthe 3D information[25, 4, 14]. Pas-
sive methodsuseonly theinformationcontainedn theim-
agesof the sceneandare commonlyknown asshapefrom
X methods They can be classi ed accordingto the type
of informationthey use. A rst classconsistsof the shape
from silhouettemethods[1, 23, 28, 22, 18]. They obtain
aninitial estimationof the 3D modelknown asvisual hull.
They arerobust andfast, but becausef the type of infor-
mationused they arelimited to simpleshapedbjects.We
can nd commercialproductsbasedon this technique. A
secondclasscorrespondso the shapefrom shadingmeth-
ods. They are basedon the diffusing propertiesof Lam-
bertiansurfaces. They mainly work for 2.5D surfacesand
are very dependenbn the light conditions. A third class
of methodsusescolor consisteng to carwe a voxel volume
[26, 17]. Butthey only provide anoutputmodelcomposed



of a setof voxels which makes dif cult to obtaina good
3D meshrepresentationA fourth classof methodsarethe
shapefrom sterecapproachesThey recover the shapeby
maximizing a stereo-basednegy [10, 24]. As a special-
ization of this group, thereare particularmethodsthat try

to useat the sametime anothettype of informationsuchas
silhouettesor albedo. Although very goodresultsare ob-
tained,the quality is still limited, andthe main problemis

theway the fusion of differentdatais done.Some,suchas
[17, 3] usea volumegrid for the fusion. Otherslike [15]

do the fusionin theimagedomain. Finally, a deformation
modelframevork canbe usedasin [8]. Thealgorithmwe

presentn this papercanbeclassi edin thislastgroup.We

performthe fusion of both silhouettesandtexture informa-
tion by adeformatiormodelevolution. Themaindifference
with the methodsmentionedabore is theway the fusionis

accomplishedwhich allows usto obtainvery high quality
reconstructions.

3. Algorithm Overview

The goal of the systemis to be ableto reconstruca 3D
objectonly from asequencef geometricallycalibratedm-
ages. To do so, we disposeof several typesof informa-
tion containedin the images. Among all the information
available, shading,silhouettesand featuresof the object
arethe mostusefulfor shaperetrieval. Shadinginforma-
tion needsa calibrationof thelight sourceswhichimplies
a strongly controlledenvironmentfor the acquisition. The
useof the silhouettesequiressimply a good extraction of
the objectfrom the backgroundwhich, however, is not al-
ways very easyto accomplish. Finally, of all the features
availablefrom an object,suchastexture, points, contours,
or morecomplicatedorms,we aremainly interestedn tex-
ture. Therefore the informationwe try to useconsistsof
silhouettesandtexture. The next stepis to decidehow to
mix thesetwo typesof informationto work together As
we will seethisis notaneasytask,because¢hosetypesof
informationarevery different,almostorthogonal.

The framework that we have chosenfor the fusion of
both datais a classicalsnale [9]. This deformablemodel
allows us to de ne an optimal surfacewhich minimizesa
globalenepgy E. In our casethe minimizationproblemis
posedasfollows: nd the surfaceS of R® that minimizes
theenegy E(S) de ned asfollows:

E(S = Be(9 * Eg(9 + E(S); 1)

whereE,, is theenegy termrelatedto thetexture of the
object, E; the termrelatedto the silhouettesandE;; is a
regularizationterm of the surfacemodel. Minimizing Eq.1

meansnding S, suchthat:

NE (Sopt)= NEex(Sopt) + NE g (Sopt) + NE 1 (Sopt) = O;
= FiedSopt) + F i(Sop) + F ie(Sopt) = 0?(2)
wherethegradientvectorsF o, F ; andF ;, representhe
forceswhich drive thesnale.

Equation2 establisheshe equilibrium conditionfor the
optimal solution,wherethe threeforcescanceleachother
out. A solutionto Eq.2canbefoundby introducingatime
variablet for the surfaceS andsolvingthefollowing differ-
entialequation:

S=Fied9+F 9+ F (S 3
Thediscreteversionbecomes:

St = S DU(F 1o 3+ F i(S)+ F in(S): (4)
Oncewe have de ned the enegiesthatwill drive the pro-
cesswe needto make a choicefor therepresentationf the
surfaceS. Thisrepresentatiode nesthewaythedeforma-
tion of the snale is doneat eachiteration. We have chosen
thetriangularmeshrepresentatiorhecause®f its simplicity
andwell known properties.

To completelyde ne the deformationframevork, we
needaninitial valueof S, i.e., aninitial surfaceS, thatwill
evolve underthedifferentenegiesuntil convergence.

In this paper we describehe snale initializationin Sec-
tion 4, theforcedrivenby thetextureof theobjectin Section
5, theforce driven by the silhouettesn Section6, how we
controlthe meshevolutionin Section7. We nally discuss
ourresultsin Section8.

4. Snake Initialization

The rst stepin our minimizationproblemis to nd an
initial surfacecloseenoughto the optimal surfacein order
to guaranteea good corvergenceof the algorithm. Close
hasto beconsideredn ageometricabndtopologicalsense.
Thegeometriadistancebetweertheinitial andoptimalsur
faceshasto bereducedn orderto limit thenumberof itera-
tionsin the surfacemeshevolution processaandtherebythe
computatiortime. Thetopologyof theinitial surfaceis also
very importantsinceclassicaldeformablemodelsmaintain
the topology of the meshduringits evolution. On the one
hand thisimposesastrongconstrainthatmakestheinitial-
ization a very importantstepsincethe initial surfacemust
capturethe topologyof the objectsurface. Level-setbased
algorithms[27] have the intrinsic capability to overcome
this problembut in practicethetopologyremainsvery dif-
cult to control. On the otherhand,the topology-constant
propertyof a classicalsnale provides more robustnesgo
theevolution process.



If we make a list of possibleinitializations, we canes-
tablishan orderedlist, wherethe rst andsimplestinitial-
izationis theboundingbox of the object. Thenext simplest
surfaceis the convex hull of the object. Both the bound-
ing boxandthecornvex hull areunableto represensurfaces
with a genusgreaterthan0. A morere ned initialization,
which lies betweerthe corvex hull andthe real objectsur
faceis the visual hull [12]. The visualhull canbe de ned
astheintersectionof all the possibleconescontainingthe
object.In practice a discreteversionis usuallyobtainedoy
intersectinghe conesgeneratedyy backprojectingthe ob-
jectsilhouetteof agivensetof views. As adifferencewith
the corvex hull, it canrepresensurfaceswith an arbitrary
numberof holes. However, the topologyof the visual hull
dependn the discretizationof the views, and somereal
objectsmay have holesthat cannotbe seenasa silhouette
hole from ary point of view. In suchcase,the visual hull
will fail to representhecorrecttopologyof the object.

Computingthevisualhull from asequencefimagess a
very well known problemof computewision andcomputer
graphicg[23, 22,19]. We areinterestedn producinggood
gualitymeshegeulerian smooth highaspectatio) with the
right topology Volumecarvingmethodsarea goodchoice
becausef the high quality outputmesheghatwe canob-
tain througha marchingcube[16] or marchingtetrahedron
algorithm. Thedegreeof precisionis x edby theresolution
of the volumegrid, which canbe adaptedaccordingto the
requiredoutputresolution. However this adaptabilitycan
alsogenerateadditionalproblemsof topology: if thereso-
lution of the grid is low comparedo the sizeof the visual
hull structuresthe aliasingproducedby the sub-sampling
may producetopologicalartifactsthat the theoreticvisual
hull doesnot have. But they canbe avoidedby increasing
theprecisionof thealgorithmor by Itering thesilhouettes.

5. Texture Driven Force

In this sectionwe de ne thetextureforceF .o, appearing
in Eq.2which contributesto recover the 3D objectgeome-
try during the snale evolution process.We wantthis force
to maximizethe texture coherenceof all the cameraghat
seethe samepartof the object. It is basedon thefollowing
projective geometryproperty:if two cameraseethe same
textured surface,thenthe two imagesarerelatedby a ge-
ometricrelationthat dependsonly on the 3D geometryof
the object. This propertyis only valid underthe common
hypothesisof perfectprojectve camerasperfectLamber
tian surfaceandthe samdighting conditions.This property
can be usedin two differenttypesof applications:i) for
image basedrenderingby 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 searchthe surfacethatmaximizesthe tex-

ture coherencef the images.Our problemcorrespondso
the secondtype of applications.We de ne rst in section
5.1atexturecoherenceneasureln section5.2we describe
thevoting approactwhichwe proposeo recover 3D geom-
etry. In section5.3we explain how thetexturedrivenforce
is derived from the datacollectedby the voting approach
usinga multi-grid gradientvector o w.

5.1. Texture CoherenceCriterion

If we know the 3D geometry thereexist variousmeth-
odsto measurehe texture coherence.The simplestmea-
surewould be the color differencebetweenthe two pixels.
But it is too local a measuresinceit only usesone sam-
ple per texture. It is thenvery sensitve to noise. More
robustmeasuresiseseveral samplegertexture by consid-
eringaneighborhoodroundthepixels. A usualcriterionis
thenormalizedcross-correlatiobetweerthetwo neighbor
hoods. This measurecompareghe intensity distributions
insidethe two neighborhoodslt is invariantto changeof
the meanintensity value and of the dynamicrangeinside
theneighborhoodsThis criterionis morerobustto failures
in the Lambertianhypothesidor thesurfaces.

If we donotknow the3D geometrywe cantry torecover
it by maximizing the texture criterion for a given set of
views. Two differenttypesof approachefor this optimiza-
tion have beenproposedn theliterature.In the rst typethe
texture similarity is usedto evaluatea currentmodel. If the
measuréas improved by deformingthe modellocally, then
themodelis updatedandthe processteratedasin [8, 7] or
asin level-sethasednethodg10, 24] whereavolumicband
is exploredaroundthecurrentmodel.In this rst typeof ap-
proacheghe explorationremainslocally dependenbn the
currentmodel. Sincethe explorationdoesnot testall the
possiblecon gurations, the algorithm can fail becauseof
local maximaof the texture coherenceeriterion. The sec-
ond type of approachesonsistsof testingall the possible
con gurations.This allows makinga morerobustdecision.
In orderto improve even morethe robustnesswe cancu-
mulatethe criterionvaluesinto a 3D grid by usinga voting
approactasin [17, 21]. We usethis kind of approactsince
it is veryrobustin thepresencef highlights(e.g.seedetails
in Fig.1left) andit allows usto passfrom theimageinfor-
mationto amoreusableinformationof thesort“probability
of nding asurface”.

5.2. ProposedVoting Approach

The proposedroting approachs basedn a multi-stereo
correlationcriterion suchasthe onedescribedn [6]. The
multi-stereocomputatioris donefor all the pixelsof all the
imagesandtheresulting3D estimationsaarecumulatednto
avoxel grid. The problemwith this sortof algorithmis the
computatiortime. For large imagesasthosewe areusing



(2000x3000)it canreachl6 hoursonafastmachine How-
ever this computatiortime canbe stronglyreducedwith al-
mostno lossby usingthecomputatiorredundang. We dis-
tinguishthe redundang betweendifferentimagesandthe
redundang insideanimage.

The redundang betweenimageshappensvhensereral
imagesseea samepart of the objectsurface. If we have
alreadycomputeda surfaceestimatiornusingoneimage ,we
canbackprojectthe 3D pointsinto the otherimagesgiving
aninitial estimatiorof thedistanceo thesurface.Theprob-
lem is thatif the previousimagedid not correlatewell, er-
rors may propagteandpreventthe following imagesfrom
attenuatingt.

Theredundang insideanimageis dueto the contentof
theimage. In our casei|it is a picture of an object,andwe
canexpectit to belocally continuous.This impliesthat, if
thesurfaceis correctlyseenandif thereis no occlusion the
depthvaluesfor neighboringpixels shouldnot be very dif-
ferent. This canbeexploitedin orderto reducethedepthin-
tenal for the correlationcriterion. In the greedyalgorithm,
for eachpixel, we testthe entiredepthintenal de ned by
the visual hull without taking into accountif its neighbors
have alreadyfound a coherentsurface. To be ableto ben-
et from alreadycomputedcorrelationsthe imagecanbe
partitionedinto differentresolutionlayers.Thenthegreedy
algorithmis run on the lowest resolutionpixels, with the
depthinterval de ned by the visual hull. For consecutie
layers,the depthintenval is computedusing the resultsof
theprecedentayer To estimateghedepthinterval of apixel
basedon the resultsof the previous layer, a recordof the
correlationvaluesis maintainedn orderto controlthereli-
ability of the estimation.Besidesheimprovementin com-
putationtime, animprovementin storagespaces obtained
by substitutingthe 3D volumegrid by a morecompactoc-
treestructure.The proposedilgorithmcanbe codedas:

For each imagein 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
Transfam all the curvesinto the samecoordinate system
Find the best candidate depth
If correlation value < threshold, continue with next pixel
Compute the 3D position P of the candidate depth
Add the correlation valueto the octree

The theoreticalmaximumimprovementthat we canreach
with this methodin the caseof 3 layersis 16 timesfaster
thanthe greedymethod. The worst casewould correspond
to a non textured imagewhere correlationsbecomeunre-
liable and the depthinterval estimationfails, which leads

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

Theresultof the correlationstepis a 3D octreecontain-
ing thecumulatechits of all the pixel estimationsThis vol-
umeby itself cannotbeusedasaforceto drive thesnale. A
possibleforce could be the gradientof the correlationvol-
ume. The problemis thatthis is a very local force de ned
only in thevicinity of the objectsurface. The proposedso-
lution to this problemis to usea gradientvector o w (GVF)

eld todrivethesnale.

5.3. Octree-basedsradient Vector Flow

The GVF eld wasintroducedby [29] asaway to over
comea dif cult problemencounteredvith traditional ex-
ternalforces: their capturerange. This problemis caused
by the local de nition of theseforces,andthe absenceof
an information propagtion mechanism.To eliminatethis
dravback,andfor all the forcesderived from the gradient
of a scalar eld, they proposedto generatea vector eld
forcethatpropagtesthegradientinformation. The GVF of
ascalareld f isde nedasthevector eld vthatminimizes
thefollowing enegy functionalE:

z
E= mifvji?+jiv RijjZ%RiG2

wheremis theweightof theregularizationterm.

The GVF canbe seenasthe original gradientsmoothed
by the actionof a Laplacianoperator This smoothingac-
tion allowsusatthesameimeto eliminatestrongvariations
of thegradientvector eld andto producea propagtion of
the gradient. The degreeof smoothing/propaationis con-
trolled by m If mis zero,the GVF is the original gradient,
if mis very large,the GVF is a constanteld whosecom-
ponentsarethe meanof the gradientcomponents.

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

6. SilhouetteDrivenForce

Thesilhouetteforceis de ned asa force thatmakesthe
snale matchthe original silhouettesof the sequencelf it
is the only force of the snale, the model shouldcornverge
towardsthe visualhull. Sincewe areonly interestedn re-
spectingsilhouettesthe force will dependon the self oc-
clusion of the snale. If thereis a part of the snale that
alreadymatchesa particularsilhouettetherestof thesnale
is no more concerneddy that silhouette,sincethe silhou-
etteis alreadymatched. If we comparea visual hull and
the real object, we seethat the entire real objectmatches
the silhouettesput not all the pointsof the object. The ob-
jectconcaities do notobey ary silhouettebecause¢hey are



Figure 1. Different stepsin the reconstruction processof the Twins model. From left to right:
sequencemages,bottom: details), visual hull initialization, shaded nal modeland textured nal model. The reconstructedmodel
has83241vertices.

occludedby apartof theobjectthatalreadymatcheghesil-
houettes.The main problemis how to distinguishbetween
pointsthathave to obey the silhouettesandthosethathave
not. Thisis equivalentto nding the apparentontoursof
the object. The silhouetteforce canbein factdecomposed
into two differentcomponentsa componenthatmeasures
the silhouette tting, anda componenthat measuresiov
strongly the silhouetteforce shouldbe applied. The rst
components de ned asa distanceto the visual hull. For a
3D vertex Py, onthesnale meshthis componentanbeim-
plementedoy computingthe smallestsigneddistanced,
betweenthe contoursof a silhouetteS andthe projection
P ;P\, of thepointinto theimagecorrespondingo S;:

Ay (Py) = miind(S;P iPum):

A positive distancemeansthat the projectionis inside the
silhouette anda negative distancahatthe projectionis out-
sidethe silhouette. Using only this force would male the
snale corvergetowardsthevisualhull. Thesecondcompo-
nentmeasureshe occlusiondegreeof a point of the snale
for agivenview point. Theview pointis choserasthecam-
erathatde nesthedistanceo thevisualhull:

(
a(P,) = 1 ford,y(Py) O
M (T d(S snaleP Py fordyy(Py)>0
c(Py) = argmind(S;P ;Py):

In the de nition of a(Py,), therearetwo cases.If d,,, is
negative, it meansthatthe point is outsidethe visual hull.

image acquisition (top: some

In that case,the force is alwaysthe maximumforce. For
a pointinsidethe visual hull, c is the camerathat actually
de nesits distanceto thevisualhull. S.snale is the silhou-
ette createdby the projectionof the snale into the camera
c. The power n controlsthe decreasingatio of a. This
function givesthe maximumsilhouetteforce to the points
thatcomposehe apparentontours.Therestof the points,
which areconsideredsconcaities, areweightedinversely
tothedistancedo thesilhouette Thisallowsthepointsof the
snaleto detad themselesfrom thevisualhull. A bigvalue
of n allows aneasiedetachmentut theforcebecomegoo
local and doesnot allow smoothtransitionsbetweencon-
cavities andcontours. The value usedin practiceis n= 2,
which is a compromiséetweersmoothnesandconcaity
recovery.

The nal silhouetteforcefor agivenpointof thesnaleis
avectordirectedalongthe normalto the snale surfaceN,,
andits magnitudds the productof bothcomponents:

F siI(PM) = a(Pm)d\/H(PM)Nm(Pm)
7. Mesh Control

Having de nedthetextureandsilhouetteforcesF ., and
F . i.e. theexternalforces thelastforceto detailis thein-
ternalforceF ;. Thegoalof theinternalforceis to regular
ize the effect of the externalforces. We de ne theinternal
regularizationasaforcethattriesto move agivenpointv of
themeshto the centerof gravity of its 1-ring neighborhood:
|

vV, V

Qo3

F int(v) = m

1



wherev; is the it" neighborof v. If the only forcein the
shaleis theinternalforce,the meshwill collapseunderthe
actionof the barycentricltering.

Sincethe texture forcesF o, cansometimese parallel
to the surfaceof the snale, in the snale evolution we use
astexture force its projectionF [N, over the normal of the
surface:

F a(¥) = (F tadv) NO)N(V):

This avoids problemsof coherencen the texture force of
neighborpointsandhelpsthe internalforceto keepa well-
shapedsurface. The snale evolution procesqEq.4) at the
kM iteration canthenbe written asthe evolution of all the
pointsof themeshv;:

Vi = Vi DU (V) + BF (V) + oF i (V9 (5)

whereDt is the time stepand b and g are the weightsof
the silhouetteforce andthe regularizationterm, relative to
the texture force. Equation5 is iterateduntil steady-state
of all the points of the meshis achiezed. The time step
Dt hasto be chosenas a compromisebetweenthe stabil-
ity of the processaandthe corvergencetime. An additional
stepof remeshingis done at the end of eachiterationin
orderto maintaina minimumanda maximumdistancebe-
tween neighborpoints of the mesh. This is achiesed by
a controlleddecimationof the meshbasedon the edgegol-
lapseoperatorandacontrolledre nementbasednthe  3-
subdvision algorithm[11].

8. Results

In this sectionwe presentseveral resultsobtainedwith
the proposedapproach. We use also a texture mapping
methodsimilar to theonein [13]. But we have furtherim-
provedthe quality of thetexture by ltering the highlights.
This is possiblethanksto the availability of severalimages
seeingagiventriangle.

All thereconstructionpresentedh this papemwhereob-
tainedfrom a single axis rotation sequencef 36 images,
eachimagehaving 2008x304(ixels. The valuesof b and
garethesameor all thereconstructionsb = 0:2, g= 0:15.
Becauséhe snale iterationis alwaysdonein the voxel co-
ordinatesystemof the GVF octree thevalueof b only de-
pendson the ratio betweenthe imagessize andthe octree
size. Typical valuesof g arebetweer0.1and0.25,depend-
ing ontherequiredsmoothness.

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

Figure?2 illustratesthe in uence of the silhouetteforce.
Thesupportof theobjectdoesnot provide ary textureinfor-
mationand cannotbe reconstructedisingthe only texture
force (Fig.2 left). Adding silhouetteconstraintssolvesthis

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

problemandguaranteethatthe deformablenodelrespects
thevisualhull in this region (Fig.2right).

In Fig.3weillustratethe differentforcesusedin the de-
formablemodel. Ten octreelevels are usedin the voting
approachtop andmiddle left), which providesa high pre-
cisionin thegradientvector o w computatior(top andmid-
dleright). At theendof theiterative processa steady-state
for the entire meshis achieved, and concaities are auto-
maticallydetectedbottom).

In Fig.4 a completereconstructionis presentedusing
both silhouetteand stereo. We are able to recover mary
detailswith high accurag as can be seenin Fig.4 (bot-
tom): obsene for instancethe quality of reconstructiorof
thebraceletandof therope.

Anotherexampleis shavn in Fig.5. We canappreciate
the quality of the tunic folds reconstruction.It shavs that
themethodis powerful evenfor thereconstructiorof small
concaities. They arecorrectlydetectedcanddetachedrom
thevisualhull.

In Fig.6 we presentiow thelack of goodimagecorrela-
tionsis handledby the proposedapproachlin Fig.6top left
we canclearly seepartswith a dark brilliant non-tectured
materialwhich producesbad correlationresults(Fig.6 top
right). The nal modelwill corveme to the textured sur
facewheneer it exists andto the visual hull everywhere
else(Fig.6 bottom),producingsomesurfacereconstruction
errorsin thisarea.

In Fig.7 we presenta comparisonbetweena laserac-
quisitionmethod(left) andthe proposednethod(right).We
have lessresolutionin our reconstructeanodeldueto the
steredimitationsandtheregularizationterm. However, the
meshquality is quite goodandthe main objectconcaities
arewell recoreredtoo.

9. Conclusionand futur e work

We have presented new approactto 3D objectrecon-
structionbasednthefusionof textureandsilhouettanfor-
mation. Our two main contrikutionsarethe de nition and
the fusionof the silhouetteforceinto the snale framework,



Figure 3. External forcesused in the reconstruction of the
African model. Top left: the octreepartition usedin the com-
putation of the gradient vector ow eld. Top right: norm of
the gradient vector ow eld. Middle: details. Bottom left:
d, silhouettecomponentafter corvergence.Bottom right: a
componentof the silhouetteforceafter corvergence.

andthe full systemapproachwheredifferentknown tech-
niguesareusedandimprovedin orderto obtainhighquality
results. Thetwo main limitations of the algorithmarealso
its two main sourcesf robustnessithe volumevoting ap-
proachandthetopologyconstansnale approachThevot-
ing approachallows good reconstructionsn the presence
of highlights,but the 3D grid usedalsolimits the maximum
resolutionof the 3D model. A way to overcomethis limita-
tion couldbeto introducethe nal modelinto anothersnale
evolution wherethetexture enegy computatiorwould take
into accountthe currentsurface (tangentplaneor quadric
basedcross-correlation) Sincethe initial modelis already
very closeto the real surface,only someiterationswould
sufce to corverge. The seconddravbackis the topology
constantevolution. It allows a guarantedopology of the
nal modelbut it is alsoa limitation for somekind of ob-
jectswherethe topology cannotbe capturedby the visual

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

hull concept. A possiblesolutionwould be to detectself
collisionsof thesnale, andto launchalocal level-setbased
methodin orderto recover the correcttopology Further
work includes:i) the self calibrationof theimagesequence
usingboththesilhouettesandtraditionalmethodsii) anim-
provedstratgy for thecorverge of thesnalein orderto ac-
celeratethe evolution in the emptyconcaitity regions,iii)
the possibleuseof the surfacecurvaturesto allow a multi-
resolutionevolution of themesh,iv) amoreadwancedwork
in the generatiorandvisualizationof the texture mapping.
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