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Abstract

In this paperwe presenta new approad to high quality 3D

objectreconstructiorby usingwell knowncomputervision
techniques.Startingfroma calibratedsequencef color im-

ages,we are able to recover both the 3D geometryand the
texture of thereal object. Thecore of themethods basedon
a classicaldeformablemodel,which de nesthe framevork
whele texture and silhouetteinformationare usedas exter

nal enegiesto recoverthe 3D geometry A new formulation
of thesilhouetteconstaint is derived,anda multi-resolution
gradientvector ow diffusionapproad is proposedfor the
stereo-basednegyterm.

1 Intr oduction

Acquiring 3D real objectsis not an easytask and alun-
dantliterature exists on this subject. Therearethreemain
approachego this problem: pure image-basedendering
techniques,hybrid image-basedechniques,an@8D scan-
ning techniques Pureimage-basedenderingtechniquesas
[2, 2]] try to generatesyntheticviews from a given set of
original images.They do not estimatethe real 3D structure
behindtheimagesthey only interpolatethe givensetof im-
agedo generatea syntheticview. Hybrid methodsas|[5, 20|
malke aroughestimationof the 3D geometryandmix it with
atraditionalimage-basedenderingalgorithmin orderto ob-
tainmoreaccurateesults.In bothtypesof methodsthegoal
is to generateoherentiews of therealscenenot to obtain
metricmeasuresf it. In oppositionto thesetechniquesthe
third classof algorithmstry to recover thefull 3D structure.
Amongthe 3D scanningechniquesye candistinguishtwo
main groups: active methodsand passve methods. Active
methodsusea controlledsourceof light suchasalaseror a
codedightin orderto recoverthe3D information[26, 4, 15)].
Passve methodsuseonly the information containedin the
imagesf thescend30]. They canbeclassi edaccordingo
thetypeof informationthey use.A rst classconsistof the
shaperom silhouettemethodqd1, 24, 32, 23, 19, 31]. They
obtainaninitial estimationof the 3D modelknown asvisual
hull. They are robust and fast, but becauseof the type of
informationused they arelimited to simpleshapedbjects.
We can nd commercialproductsbasedon this technique.
Anotherapproachncludestheshapgrom shadingmethods.
They arebasednthediffusingpropertieof Lambertiarsur

faces.They mainly work for 2.5D surfacesandarevery de-
pendenton the light conditions. A third classof methods
usethe color information of the scene.The color informa-
tion canbeusedin differentways,dependingn thetype of
scenewe try to reconstructA rst way is to measurecolor
consisteng to care avoxel volume[28, 18]. But they only
provide anoutputmodelcomposef a setof voxelswhich
malkesdif cult to obtainagood3D meshrepresentatiorBe-
sides,color consisteng algorithmscompareabsolutecolor
values which makesthemsensitve to light conditionvaria-
tions. A differentway of exploiting coloris to compardocal
variationsof thetexturesuchasin cross-correlatiomethods
[11, 25]. As a specializatiorof the color-basedyroup,there
areparticulamethodghattry to useatthesameimeanother
type of informationsuchassilhouettesor albedo.Although
very goodresultsareobtainedthequalityis still limited, and
the main problemis the way the fusion of differentdatais
done.Some suchas[18, 3] useavolumegrid for thefusion.
Otherslike [16] dothe fusionin theimagedomain. Finally,
a deformationmodelframevork canbe usedasin [9]. The
algorithmwe presentn this papercanbeclassi edin thelast
group.We performthefusionof bothsilhouettesandtexture
information by a deformationmodel evolution. The main
differencewith the methodsmentionedabove is theway the
fusionis accomplishedwhich allows usto obtainvery high
quality reconstructions.

2 Algorithm Overview

The goal of the systemis to be ableto reconstruct 3D ob-
jectonly from asequencef calibratedmages.To doso,we
disposeof severaltypesof informationcontainedn theim-
ages. Among all the informationavailable, silhouettesand
texture arethe mostusefulfor shaperetrieval. The next step
is to decidehow to mix thesetwo typesof informationto
work together As we will see,thisis not an easytask,be-
causethosetypesof information are very different, almost
orthogonal.

2.1 ClassicalSnakevs. Level-SetMethods

A well-known framewvork usedto optimize a surfaceunder
severalkindsof informationis themodeldeformatiorframe-
work. Two differentrelatedtechniquesanbe useddepend-
ing on the way the problemis posed:a classicalsnale ap-



proach[10] or a level-setapproacH29]. The main adwan-
tageof the snale approachis its simplicity of implementa-
tion andparametetuning. Its maindravbackis theconstant
topologyconstraintLevel-setbasedalgorithmshave thead-
vantageof anintrinsic capabilityto overcomethis problem
but its maindisadwantagesrethe computatiortime andthe
dif culty in controlling the topology In general,the only
control over the topology of a level-setis the regularization
term,which makesit dif cult to separatehe smoothnessf
the nal surfacefrom thetopologyconstraintIn the present
work we have chosenthe classicalsnale asthe framavork
for thefusion of the silhouetteandstereodata. This implies
thatthetopologyhasto be completelyrecoreredbeforethe
shale evolution occursaswe discussn Section3. Sincethe
proposedvay to recover theright topologyis the visualhull
conceptthetopologyrecovery will dependon theintrinsic
limitations of the visual hull. This implies that thereexist
objectsfor which we areunableto recover the correcttopol-
ogy (nosilhouetteseeinga hole)thatcouldbe correctlyre-
constructedusing a level-setmethod(the correcttopology
is recoveredwith the stereoinformation). We think that, in
practice,the visual hull providesthe correcttopologyin all
but pathologicakasessothisis nota severehandicap.

2.2 The ClassicalSnake Approach

Thedeformablenodelframenork allows usto de ne anop-
timal surface which minimizesa global enegy E. In our
casethe minimizationproblemis posedasfollows: nd the
surfaceS of R® thatminimizesthe enegy E(S) de ned as
follows:

E(9 = Bed(9 + E(9 + (9 )

where k., is the enegy term relatedto the texture of the
object, E; the term relatedto the silhouettesand E;, is a
regularizationterm of the surfacemodel. Minimizing Eq. 1
meansnding S, suchthat:

NE(S)pt): NEtex(S)pt)"' NESH(Sopt)"' NEint(S)pt): 0;
=F te((S:pt) +F si|(Sopt) +F int(S)pt) = O§(2)
wherethe gradientvectorskF (¢, F o andF ;, representhe
forceswhich drive the snale. Equation2 establisheghe
equilibrium condition for the optimal solution, where the
threeforcescanceleachotherout. A solutionto Eq. 2 can
be found by introducinga time variablet for the surfaceS
andsolvingthefollowing differentialequation:

§=Fe9+F g (9+Fn(9: 3)
Thediscreteversionbecomes:
S = S DU(F 1 S) + F (S)+ F (S (4)

Oncewe have de ned the enegiesthat will drive the pro-
cesswe needto make a choicefor therepresentatioof the
surfaceS. Thisrepresentatiode nesthe way the deforma-
tion of the snale is doneat eachiteration. We have chosen

thetriangularmeshrepresentatiorhecausef its simplicity
andwell known properties.

To completelyde ne thedeformatiorframework, we need
aninitial valueof S i.e.,aninitial surfaceS, thatwill evolve
underthe differentenegiesuntil corvergence.

In this paper we describethe snale initialization in Sec-
tion 3, theforcedrivenby thetexture of theobjectin Section
4, the force driven by the silhouettesn Section5, how we
controlthe meshevolution in Section6. We nally discuss
ourresultsin Section?.

3 Shnake Initialization

The rst stepin our minimizationproblemisto nd aninitial
surfacecloseenoughto the optimalsurfacein orderto guar
anteea goodconvergenceof the algorithm. Closehasto be
consideredn ageometricabndtopologicalsenseThegeo-
metric distancebetweerthe initial andoptimal surfaceshas
to bereducedn orderto limit thenumberof iterationsin the
surfacemeshevolution processandtherebythe computation
time. Thetopologyof theinitial surfaceis alsovery impor-
tantsinceclassicableformablenodelsmaintainthetopology
of the meshduringits evolution. An efcient initialization,
which lies betweerthe cornvex hull of the objectandits real
surfaceis the visual hull [13]. The visual hull canbe de-
ned astheintersectiorof all the possibleconescontaining
the objectandcanrepresensurfaceswith anarbitrarynum-
berof holes. However, this doesnot imply thatit is ableto
completelyrecover the topology of the objectand, whatis
evenworse,the topology of the visual hull dependson the
discretizatiorof theviews (seeFig. 1).
Computingthevisual hull from a sequencef imagess a

very well knowvn problemof computervision andcomputer
graphicq24, 23, 20]. Differentapproachesxist, depending
on the type of output,way of representatiomand delity to
thetheoreticalvisual hull. In our casewe areinterestedn
methodsgproducinggoodquality meshegEulerian,smooth,
high aspectratio), evenif the delity is not very high. Be-
sidesthe goodquality mesh,anothemprimaryrequirements
to obtaintheright topology Volumecarvingmethodsarea
goodchoicebecausef the high quality outputmesheghat
we can obtain througha marchingcube[17] or marching
tetrahedrorelgorithm. The degreeof precisionis x ed by
theresolutionof the volumegrid, which canbe adaptedac-
cordingto the requiredoutput resolution. But this adapt-
ability can also generateadditional problemsof topology:
if the resolutionof the grid is low comparedo the size of
the visual hull structuresthe aliasingproducedby the sub-
samplingmayproduceopologicalartifactsthatthetheoretic
visualhull doesnot have. To sumup, threedifferentsources
of deviation may arisebetweerthe real objecttopologyand
thecomputedvisualhull topology:

Errorsdueto the natureof the visual hull (seeFig. 1
left). Realobjectsmay have holesthatcannotbe seen
asa silhouettehole from ary point of view. Thevisual
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Figurel: Differenttopologicalproblems.Left: exampleof atopologythatcannotbe capturedby the visual hull concept.
Middle: exampleof topologicalproblemarisingwith a nite numberof camerasThe rst camerds ableto recovertheright
topologywhereashe secondcamerais not. Right: badtopology causedy the resolutionof the visual hull construction
algorithm.We shaw in graythe original silhouetteandin blackthereconstructedisualhull.

hull will thenfail to representhe correcttopologyfor
thiskind of object.

Errorsdueto the useof a nite numberof views (see
Fig. 1 middle). They canbe solved by having the ade-
quatepointsof view thatallow arecovery of topology
of therealobject.

Errors due to the implementationalgorithm (seeFig.
1 right). They arecausedy the numericalprecisionor
thesubsamplingf thesilhouettesThey canbeavoided
by increasinghe precisionof thealgorithmor by lIter -
ing thesilhouettes.

In practice,we usean octree-basedarving methodfol-
lowed by a marchingtetrahedrommeshingalgorithmanda
meshsimpli cation. In orderto initialize the octree,anini-
tial boundingbox canbe analyticallycomputedrom the 2D
silhouetteboundingboxes. The 3D backprojectionof n 2D
boundingboxesde nesa 3D corvex hull formedby 4n half
planes.The boundingbox of the corvex hull canbe analyt-
ically computedby a simplex optimizationmethodfor each
of the 6 variablesde ning theboundingbox.

4 TextureDrivenForce

In this sectionwe de ne thetextureforceF (o appearingn
Eq. 2 which contritutesto recoveringthe 3D objectgeome-
try duringthesnale evolution processWe wantthis forceto
maximizetheimagecoherencef all thecamerashatseethe
samepart of the object. Differentapproachesxist to mea-
surethe coherencef a setof images,but they canbe clas-
si ed into two main groupswhetherthey make a punctual
radiometriccomparisor{e.g. photo-consistencmeasuresas
in voxel coloring[28]) or aspatialcomparisorof relative ra-
diometricdistribution (e.g. cross-correlatiomeasures)We
have choserthe normalizedcross-correlatiomecausef its
simplicity androbustnessn the presenceof highlightsand
change®f thelighting conditions.

Oncewe have a coherenceriterion, we cannow recover
the 3D geometryby maximizing the criterion for a given

set of views. Two different types of approachedor this
optimization have beenproposedin the literature. In the
rst type the texture similarity is usedto evaluatea current
model. If the measurds improved by deformingthe model
locally, thenthe modelis updatedandthe processteratedas
in [9, 8]. In otherapproachesuchaslevel-setbasedmeth-
odsin [11, 25], a volumic bandis exploredaroundthe cur-
rentmodel. In this rst type of approacheshe exploration
remainslocally dependenbn the currentmodel. Sincethe
explorationdoesnot testall the possiblecon gurations,the
algorithmcanfail becaus®f local maximaof thetextureco-
herencecriterion. Thesecondype of approachesonsistof
testingall the possiblecon gurations. This allows making
a morerobustdecision. In orderto improve even morethe
robustnesswe cancumulatethe criterion valuesinto a 3D
grid by usinga voting approactasin [19, 22]. We will use
this kind of approactsinceit is very robustin the presence
of highlightsandit allows usto passfrom the imageinfor-
mationto a moreusableinformationof the sort“probability
of nding asurface”.

4.1 ProposedVoting Approach

Let us considerour problemof 3D recovery from texture.
We wantto optimize,for agivenpixel in oneimage thetex-
ture coherencewith the otherimages. An optic ray canbe
de ned by the pixel, andwe searchthe 3D point P belong-
ing to the optic ray that maximizesthe normalizedcross-
correlationwith the otherimages. This canbe donein an
efcient way by samplingthe projectionof the optic ray in
every image. In practice,the knowledgeof the visual hull,
which is an upperboundof the object,allows usto acceler
atecomputationsTheimplementectorrelationalgorithmis
the sameasin [6].

The problemwith this algorithmis the computatiortime.
For large images(2000x 3000), the computationtime can
reachl16 hourson a fastmachine.This time canbe strongly
reducedvith almostnolossbecausef theredundang of the
computation.To be ableto bene t from alreadycomputed
correlationstheimagecanbepartitionedinto differentreso-



Figure2: Exampleof animagepartitioninto 3 differentres-
olutionlayers.

lution layersasshavnin Fig. 2. Thentheoriginal algorithm
is rst runonthelowestresolutionlayer(blackpixelsin Fig.
2), with the depthinterval de ned by the visual hull. For
consecutie layers,the depthinterval is computedusingthe
resultsof the precedentayer. To estimatethe depthinterval
of apixel basedntheresultsof the previouslayer, arecord
of thecorrelationvaluesis maintainedn orderto controlthe
reliability of the estimation. The theoreticalmaximumim-
provementthatwe canreachwith this methodin the caseof
3 layersasillustratedin Fig. 2 is 16 timesfasterthanthe
greedymethod.In practice theimprovementis around5 or
6 timesfasterfor well-texturedimages.The worstcasecor
respondgo nontexturedimageswherecorrelationsdhbecome
unreliable. The depthintenal estimationfails, necessitating
to computecorrelationsover thefull visual hull depthinter
val.

Finally, an efcient octreestructureis usedto storethe
resultingcorrelationhits. The resultof the correlationstep
will be a 3D octreecontainingthe cumulatedhits of all the
pixel estimations.This volume by itself cannotbe usedas
a force to drive the snale. A possibleforce could be the
gradientof the correlationvolume. The problemis thatthis
is averylocalforcede ned only in thevicinity of theobject
surface. The proposedsolutionto this problemis to usea
gradientvector o w (GVF) eld to drive thesnale.

4.2 Octree-basedsradient Vector Flow

TheGVF eld wasintroducedby [33] asawayto overcome
adif cult problemof traditionalexternalforces:thecapture
rangeof theforce. This problemis causedy thelocal de -
nition of the force,andthe absencef aninformationprop-
agationmechanism:To eliminatethis dravback,andfor all
the forcesderived from the gradientof a scalar eld, they
proposedo generatea vector eld forcethatpropagtesthe
gradientinformation. The GVF of a eld f is de ned asthe
vector eld v thatminimizesthefollowing enegy functional
E:

4
mjvii®+ jiv - N2 RfG2;

E=
where mis the weight of the regularizationterm. The so-
lution to this minimizationproblemhasto satisfythe Euler
equation:

mN?v (v Rf)jjNfjj%= 0

A numericalsolution can be found by introducinga time
variablet andsolvingthefollowing differentialequation:

vi= mN?v (v Nf)jjNFjj2

The GVF canbe seenasthe original gradientsmoothedoy
the actionof a Laplacianoperator This smoothingaction
allows us at the sametime to eliminatestrongvariationsof
thegradientvector eld andto producea propagtionof the
gradient.Thedegreeof smoothing/propaagionis controlled
by m If mis zero,the GVF will be the original gradient,
if mis very large, the GVF will be a constanteld whose
componentarethe meanof thegradientcomponents.

Sinceour datahave beenstoredin anoctreestructurethe
GVF hasto becomputednamulti-resolutiongrid. For this,
we needto be ableto:

de ne the Laplacianoperatorandthe gradientoperator
in the octreegrid;

de ne how to interpolatebetweenvoxelswith different
sizes.

In threedimensionsthe gradientandLaplacianoperators
arede ned as:

Nf = [fg fy; f]; N2F = fioot fy+

In the caseof a regular grid with a spacingof [Dx; Dy; D7,
both quantitiescan be approachedy central nite differ-
ences:

f(x+Dxy;2) f(x Dxy.2).

fx

2Dx '
f f(x+Dxy,2) 2f(xy;2+ f(x Dxy2).
XX ] .

Dx:

If the grid is notregular, thenthe nite differenceswill not
becenteredAn easywayto nd theequialentformulasfor
a non-rgyular grid is to estimatethe paraboliccurve ax? +

bx+ cthatpasseshrough3 points(Fig. 3), andcomputethe
derivativesof theestimateaturve. After solvingtheequation
systemwe nd:

f 1 f(x+D) f(x) f(x d)y f(x) _ b:
X (@+D) D=d d=D -
2 fo#D) fX) L f(x d) f) _ o

As far asthe interpolationis concernedin orderto sim-
plify the computation,we have to add a constraintto the
topology of the multi-resolutiongrid: the differenceof res-
olution in the neighborhoodf a voxel, including the voxel
itself, cannotbe greaterthanonelevel. Thisis nota strong
constraintsincethe resolutionof the octreeneedso change
slowly if wewantgoodnumericalresultsin thecomputation
of theGVF.

Thereexist threedifferentscenariosn a multi-resolution
numericalalgorithm.The rst oneis whenthe currentvoxel
andall its neighborshave thesamesize(seeFig. 4.a).In this
casecomputation@redoneaswith a mono-resolutiorgrid.
The secondoneis whenthe currentvoxel is biggerthanor
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Figure 3: Parabolic curve passing
through3 points.

equalto its neighbors(seeFig. 4.b). For thosevoxels with
thesamesize,computationsrecarriedoutin anormalway.
For thosewhich aresmaller a meanvalueis simply usedto
getthecorrectvaluein the scaleof the currentvoxel:

f(EFGH) f(D).

f(B) f(©.
2d ’ '

fx(A) >d

fy(A)

Thethird casecorrespondso thecurrentvoxel beingsmaller
thanor equalto its neighborgseeFig. 4.candd). Wecansee
two typesof con guration,andin bothwe wantto compute
the gradientat the point A. In 4.c we needthe value of the
function f atthepointskg, F, BC andBD:

1 f(CD) f(A f(F) f(A)
fx(A) (d+1:5d) 15 115 !

1 f(BCO) f(A)  f(E) f(A)
fy(A) (d+1:5d) 15 1=1:5

In the example4.d the valuesBCD and DEF are obtained
by interpolatingB with CD, andDE with F, respectiely. If
we translatetheseexamplesinto 3D, we have anadditional
interpolationalongthe new dimensiorfor the pointsBC and
CD in 4.c,andBCD andDEF in 4.d.

In Fig. 5we compareheresultof a3D GVF computation
for m= 0:1 usingaregulargrid andtheoctreeapproachThe
scalareld f usedin theexampleis de ned as

) _ 1 forz2[34;36] .

foxy.2) = 0 else '

We canappreciateahe accurag of the multi-grid computa-
tion comparedo the mono-gridone. We canhardly seeary
differencebetweenrboth curves, only whenthe octreereso-
lution becomewery low (voxels20 and50). Meanvaluesof
computatiorspeedup for 10levelsof resolutionarebetween
2 and3 timesfasterthanthemono-gridversionwhile storage
spacds reducedbetweenl0and15times.

5 SilhouetteDrivenForce

Thesilhouetteforceis de ned asaforcethatmakesthesnale
verify the original silhouettesof the sequence.If it is the
only force of the snale, the modelshouldcorverge towards
the visual hull. Sincewe are only interestedn respecting
silhouettestheforcewill dependntheselfocclusionof the

Figure4: Valueinterpolationg2D example).
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Figure5: monogrid vs. octreegrid GVF computation.

shale. If thereis a partof the snale that alreadyveri es a
particularsilhouettetherestof thesnaleis notconcernedy
thatsilhouette sincethesilhouettds alreadymatched If we
compareavisualhull andthereal object,we seethattheen-
tire real objectveri es the silhouettesput not all the points
of theobject. Theobjectconcaities do notobey ary silhou-
ette becausehey are occludedby a part of the objectthat
alreadymatcheghesilhouettesThemainproblemis how to
distinguishbetweemnpointsthat have to obey the silhouettes
andthosethathave not. Thisis equivalentto nding the ap-
parentcontoursof the object. The silhouetteforce canbe
in factdecomposedhto two differentcomponentsa com-
ponentthatmeasureshe silhouettetting, anda component
that measuredow strongly the silhouetteforce shouldbe
applied. The rst componentis de ned asa distanceto the
visualhull. For a3D vertex Py, onthemeshof thesnale this
componentanbe implementedby computingthe smallest
signeddistanced,,, betweerthesilhouettecontoursandthe
projectionof the pointinto the correspondingilhouette:

dyy(Py) = miind(S;P iPm):

A positive distanceneandhattheprojectionis insidethesil-

houetteanda negative distancehatthe projectionis outside
the silhouette.Using only this force would make the snale
convergetowardsthevisualhull.

The secondcomponentmeasureshe occlusiondegreeof
a point of the snale for a givenview point. The view point
is choserasthecamerghatde nesthedistanceo thevisual



hull:

(
! for d\/H(PM) 0
a(p, = N ;
( M) (1+d(&snaleP cPy))" for d\/H(Pm) >0
o(Py) = argmind(S;P Py):

In the de nition of a, therearetwo cases.If d,, is nega-
tive, it meanghatthe pointis outsidethevisualhull. In that
case,the force is always the maximumforce. For a point
inside the visual hull, ¢ is the camerathat actually de nes
its distanceto thevisual hull. S.snale is the silhouettecre-
atedby the projectionof the snale into the camerac. The
power n controlsthe decreasingatio of a. This function
givesthe maximumsilhouetteforce to the pointsthatcom-
posetheapparentontours.Therestof the points,whichare
consideredisconcaities, areweightedinverselyto the dis-
tanceto the silhouette. This allows the pointsof the snale
to detad themseles from the visual hull. A big value of
n allows an easierdetachment.But on the otherhand,the
forceis too local anddoesnot allow smoothtransitionsbe-
tweenconcaities and contours. The valueusedin practice
is n= 2, which is a compromisebetweensmoothnessnd
concaity recovery.

The nal silhouetteforce for a givenpoint of thesnaleis
avectordirectedalongthe normalto the snale surfaceN,,
andits magnitudds the productof bothcomponents:

F si(Pw) = a(Py)dyy (Py)Ny (Py)

6 MeshControl

Having de ned the texture and silhouetteforcesF o, and
F . i.e. the externalforces, the last force to detail is the
internalforce F ;. Thegoalof theinternalforceis to regu-
larizetheeffect of theexternalforces.Classidnternalforces
usuallyusetwo differenttypesof regularization:aLaplacian
regularizationterm that controlsthe tensionof the model
anda biharmonicregularizationtermthat controlsits rigid-
ity. The discreteversionsof the LaplacianoperatorD and
the biharmonicoperatorf)2 onatrianglemeshcanbe easily
implementedusingthe umbrellaoperator i.e., the operator
thattriesto move agivenpointv of themeshto the centerof
gravity of its 1-ring neighborhood:

| |
N 1p iy 10, -
Dv= —av v ; Dv=D(Dv)= —a Dv, Dv ;
m,2, m;2
whereyv; is theith neighborof v. Thetotal internalforceis
de nedasalinearcombinatiorof theLaplacianoperatoiand

thebiharmonicoperator:
Fin() = rbv+ (1 r)( B

wherer is thedesiredratio betweertensionandrigidity.

Figure 6: Externalforcesusedin the reconstructiorof the
BigHeadmodel. Top left: renderingof the stereocorrela-
tion octreevolume. Top right: the octreepartition usedin

the computationof the gradientvector ow eld. Bottom
left: normof thegradientvector ow eld. Bottomright: a

componenbf thesilhouetteforce aftercorvergence.

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

F eV) = (F tadv) N(V)N(V):

This avoids problemsof coherenceén the force of neighbor
pointsandhelpstheinternalforceto keepawell-shapedsur

face.Thesnale evolution procesgEq. 4) atthek!" iteration
canthenbe written asthe evolution of all the pointsof the
meshv;:

ViTh = i DU (V) + BF (Vi) + F (V)5 (5)
whereDt is the time stepand b and g are the weights of
the silhouetteforce and the regularizationterm relative to
the texture force. Equation5 is iterateduntil steady-state
of all the pointsof the meshis achiezed. The time stepDt
hasto be chosenasa compromisebetweenthe stability of
the processand the corvergencetime. An additional step
of remeshingis doneat the end of eachiterationin order
to maintaina minimum and a maximumdistancebetween
neighborpointsof the mesh.This is achiezed by controlled
decimationandre nementof the mesh. The decimationis
basedon thepedgecollapseoperatorand the re nementis
basednthe 3-subdvisionalgorithm[12].



Figure 7: Oceaniaand BigHead modelsafter corvergence
(45843and 114496verticesrespectiely). Left: Gouraud
shading.Right: Sameviews with texture mapping.

7 Results

In this sectiorwe presentifew resultsobtainedwith the pro-
posedapproachandwith atexture mappingmethodsimilar
to the oneusedin [27, 14]. But we have furtherimproved
the quality of the texture by ltering the highlights. This is
possiblethanksto the availability of severalimagesseeinga
giventriangle.

All the reconstructionpresentedn this paperwhereob-
tainedfrom a single axis rotation sequenceof 36 images,
eachimagehaving 2008x304Mixels. Thevaluesof b andg
arethe samefor all thereconstructionsb = 0:2, g= 0:15.
Becausehesnaleiterationis alwaysdonein thevoxel coor
dinatesystenof theGVF octree thevalueof b only depends
ontheratiobetweertheimagessizeandtheoctreesize. Typ-
ical valuesof g arebetweer0.1 and0.25,dependingn the
requiredsmoothnesdn boththe BigHeadsequencandthe
Oceaniasequencehe internalforce was only composedf
the Laplacianterm. Sincein both caseshe stereocorrela-
tion worked very well, the sterecforce is strongenoughto
compensatéhe internal smoothing. However, if the stereo
correlationis weakasin theheadof thelncamodel(seeFig.
9), thebiharmonidermhelpsto t thestereadata,improving
the nal quality of themodel.

Figure8: Meshdetail of the OceanisandBigHeadmodels.

Computatiortimesaredominatedby the correlationvot-
ing step: a typical computationtime for 36 imagesof 6
Mpixelsis of 3 hoursonaP41.4GHzmachine.

In Fig. 6 we illustratethe differentforcesusedin the de-
formablemodel.In Fig. 6 topleft we shav arenderingof the
correlationvoting volume. We canobsene thatthe support
hasonly correlatechearthe tick marks,which provide tex-
ture detailsfor the correlationalgorithm. Ten octreelevels
areusedin the voting approach(top right), which allows a
high precisionin the gradientvector o w computationbot-
tom left). At the endof theiterative processa steady-state
for theentiremeshis achieved,andconcaities areautomat-
ically detectedbottomright). We canseethat, sincethere
is no stereo-basetbrce for the support,it is entirelyrecon-
structedoy thesilhouetteforce(in fact,sincetheinitial snale
is alreadythevisualhull, the supporthasnot changed) An-
otherexampleis shavn in Fig. 7 andFig. 8. We canappre-
ciatein Fig. 8 the high quality of the reconstructeanodels.
Otherresultsare shavn in [7], in particulara comparison
betweerthe proposednethodanda 3D scannetaser

8 Conclusionand futur e work

We have presented new approacto 3D objectreconstruc-
tion basedon the fusion of texture and silhouetteinforma-
tion. Our two main contritutionsarethe de nition andthe
fusion of the silhouetteforce into the snale framework, and



Figure9: Comparisorof the biharmonictermin uence on
the Incamodel (48419vertices). Left: theinternalforceis
composednly by theLaplacianterm(r = 1). Right: weuse
boththe Laplaciantermandthe biharmonicterm(r = 0:3).

the full systemapproachwheredifferentknown techniques
areusedandimprovedin orderto obtainhigh quality results.
Thetwo mainlimitations of thealgorithmarealsoits two
mainsourcef robustnessthevolumevoting approactand
thetopologyconstansnale approach.The voting approach
allowsgoodreconstructions thepresencef highlights,but
it alsolimits the maximumresolutionof the 3D model. A
way to overcomethis limitation couldbeto introducethe -
nal modelinto anothersnale evolution wherethetextureen-
ergy computatiorwouldtake into accounthecurrentsurface
(tangentplaneor quadrichasectross-correlation)Sincethe
initial modelis alreadyvery closeto the real surface,only
someiterationswould sufce to corverge. Thesecondiraw-
backis the topologyconstantevolution. It allows a guaran-
teedtopologyof the nal modelbut it is alsoalimitation for
somekind of objectswherethetopologycannotbe captured
by the visual hull concept.A possiblesolutionwould be to
detectselfcollisionsof thesnale, andto launchalocallevel-
setbasedmethodin orderto recover the correcttopology
Furtherwork includes:i) theselfcalibrationof theimagese-
quenceusingboththesilhouettesandtraditionalmethodsii)
animprovedstrat@y for thecornvergeof thesnalein orderto
accelerat¢he evolutionin theemptyconcaitity regions,iii)
the possibleuseof the surfacecurvaturesto allow a multi-
resolutionevolution of the mesh,iv) a moreadwancedwork
in the generatiorandvisualizationof thetexture mapping.
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