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Abstract

In this paperwepresenta new approach to high quality 3D
objectreconstructionby usingwell knowncomputervision
techniques.Startingfroma calibratedsequenceof color im-
ages,we are able to recover both the 3D geometryand the
textureof therealobject.Thecoreof themethodis basedon
a classicaldeformablemodel,which de�nesthe framework
where texture and silhouetteinformationare usedas exter-
nal energiesto recover the3D geometry. A new formulation
of thesilhouetteconstraint is derived,anda multi-resolution
gradientvector�ow diffusionapproach is proposedfor the
stereo-basedenergy term.

1 Intr oduction

Acquiring 3D real objects is not an easytask and abun-
dant literatureexists on this subject. Thereare threemain
approachesto this problem: pure image-basedrendering
techniques,hybrid image-basedtechniques,and3D scan-
ning techniques.Pureimage-basedrenderingtechniquesas
[2, 21] try to generatesyntheticviews from a given setof
original images.They do not estimatethereal3D structure
behindtheimages,they only interpolatethegivensetof im-
agesto generateasyntheticview. Hybrid methodsas[5, 20]
makearoughestimationof the3D geometryandmix it with
atraditionalimage-basedrenderingalgorithmin orderto ob-
tainmoreaccurateresults.In bothtypesof methods,thegoal
is to generatecoherentviews of therealscene,not to obtain
metricmeasuresof it. In oppositionto thesetechniques,the
third classof algorithmstry to recover thefull 3D structure.
Amongthe3D scanningtechniques,we candistinguishtwo
main groups: active methodsandpassive methods.Active
methodsusea controlledsourceof light suchasa laseror a
codedlight in orderto recoverthe3D information[26,4,15].
Passive methodsuseonly the informationcontainedin the
imagesof thescene[30]. They canbeclassi�edaccordingto
thetypeof informationthey use.A �rst classconsistsof the
shapefrom silhouettemethods[1, 24, 32, 23, 19,31]. They
obtainaninitial estimationof the3D modelknown asvisual
hull. They are robust and fast, but becauseof the type of
informationused,they arelimited to simpleshapedobjects.
We can �nd commercialproductsbasedon this technique.
Anotherapproachincludestheshapefrom shadingmethods.
They arebasedonthediffusingpropertiesof Lambertiansur-

faces.They mainly work for 2.5Dsurfacesandarevery de-
pendenton the light conditions. A third classof methods
usethe color informationof the scene.The color informa-
tion canbeusedin differentways,dependingon thetypeof
scenewe try to reconstruct.A �rst way is to measurecolor
consistency to carve a voxel volume[28, 18]. But they only
provide anoutputmodelcomposedof a setof voxelswhich
makesdif�cult to obtainagood3D meshrepresentation.Be-
sides,color consistency algorithmscompareabsolutecolor
values,which makesthemsensitive to light conditionvaria-
tions.A differentwayof exploiting color is to comparelocal
variationsof thetexturesuchasin cross-correlationmethods
[11, 25]. As a specializationof thecolor-basedgroup,there
areparticularmethodsthattry touseatthesametimeanother
typeof informationsuchassilhouettesor albedo.Although
verygoodresultsareobtained,thequalityis still limited,and
the main problemis the way the fusion of differentdatais
done.Some,suchas[18,3] useavolumegrid for thefusion.
Otherslike [16] do thefusionin theimagedomain.Finally,
a deformationmodelframework canbeusedasin [9]. The
algorithmwepresentin thispapercanbeclassi�edin thelast
group.Weperformthefusionof bothsilhouettesandtexture
information by a deformationmodel evolution. The main
differencewith themethodsmentionedabove is theway the
fusionis accomplished,which allows usto obtainvery high
quality reconstructions.

2 Algorithm Overview

Thegoalof thesystemis to beableto reconstructa 3D ob-
jectonly from asequenceof calibratedimages.To doso,we
disposeof several typesof informationcontainedin theim-
ages.Among all the informationavailable,silhouettesand
texturearethemostusefulfor shaperetrieval. Thenext step
is to decidehow to mix thesetwo typesof information to
work together. As we will see,this is not an easytask,be-
causethosetypesof informationarevery different,almost
orthogonal.

2.1 ClassicalSnakevs. Level-SetMethods

A well-known framework usedto optimizea surfaceunder
severalkindsof informationis themodeldeformationframe-
work. Two differentrelatedtechniquescanbeuseddepend-
ing on the way the problemis posed:a classicalsnake ap-



proach[10] or a level-setapproach[29]. The main advan-
tageof the snake approachis its simplicity of implementa-
tion andparametertuning. Its maindrawbackis theconstant
topologyconstraint.Level-setbasedalgorithmshave thead-
vantageof an intrinsic capabilityto overcomethis problem
but its maindisadvantagesarethecomputationtime andthe
dif�culty in controlling the topology. In general,the only
controlover the topologyof a level-setis the regularization
term,which makesit dif�cult to separatethesmoothnessof
the�nal surfacefrom thetopologyconstraint.In thepresent
work we have chosenthe classicalsnake asthe framework
for thefusionof thesilhouetteandstereodata.This implies
that the topologyhasto becompletelyrecoveredbeforethe
snake evolution occursaswe discussin Section3. Sincethe
proposedway to recover theright topologyis thevisualhull
concept,the topologyrecovery will dependon the intrinsic
limitations of the visual hull. This implies that thereexist
objectsfor whichweareunableto recover thecorrecttopol-
ogy (no silhouettesseeinga hole)thatcouldbecorrectlyre-
constructedusing a level-setmethod(the correcttopology
is recoveredwith thestereoinformation). We think that, in
practice,thevisualhull providesthecorrecttopologyin all
but pathologicalcases,sothis is notaseverehandicap.

2.2 The ClassicalSnakeApproach

Thedeformablemodelframework allowsusto de�ne anop-
timal surfacewhich minimizesa global energy E. In our
case,theminimizationproblemis posedasfollows: �nd the
surfaceS of R3 that minimizesthe energy E(S) de�ned as
follows:

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

whereEtex is the energy term relatedto the texture of 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
forceswhich drive the snake. Equation2 establishesthe
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:

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 energies that will drive the pro-
cess,we needto make a choicefor therepresentationof the
surfaceS. This representationde�nes theway thedeforma-
tion of thesnake is doneat eachiteration. We have chosen

thetriangularmeshrepresentation,becauseof its simplicity
andwell known properties.

To completelyde�ne thedeformationframework,weneed
aninitial valueof S, i.e.,aninitial surfaceS0 thatwill evolve
underthedifferentenergiesuntil convergence.

In this paper, we describethesnake initialization in Sec-
tion 3, theforcedrivenby thetextureof theobjectin Section
4, the force driven by the silhouettesin Section5, how we
control themeshevolution in Section6. We �nally discuss
our resultsin Section7.

3 Snake Initialization

The�rst stepin ourminimizationproblemis to �nd aninitial
surfacecloseenoughto theoptimalsurfacein orderto guar-
anteea goodconvergenceof thealgorithm. Closehasto be
consideredin a geometricalandtopologicalsense.Thegeo-
metricdistancebetweenthe initial andoptimalsurfaceshas
to bereducedin orderto limit thenumberof iterationsin the
surfacemeshevolutionprocessandtherebythecomputation
time. Thetopologyof the initial surfaceis alsovery impor-
tantsinceclassicaldeformablemodelsmaintainthetopology
of themeshduring its evolution. An ef�cient initialization,
which lies betweentheconvex hull of theobjectandits real
surfaceis the visual hull [13]. The visual hull can be de-
�ned astheintersectionof all thepossibleconescontaining
theobjectandcanrepresentsurfaceswith anarbitrarynum-
berof holes. However, this doesnot imply that it is ableto
completelyrecover the topologyof the objectand,what is
even worse,the topologyof the visual hull dependson the
discretizationof theviews (seeFig. 1).

Computingthevisualhull from a sequenceof imagesis a
very well known problemof computervision andcomputer
graphics[24, 23, 20]. Differentapproachesexist, depending
on the type of output,way of representationand�delity to
the theoreticalvisualhull. In our case,we areinterestedin
methodsproducinggoodquality meshes(Eulerian,smooth,
high aspectratio), even if the �delity is not very high. Be-
sidesthegoodquality mesh,anotherprimaryrequirementis
to obtaintheright topology. Volumecarvingmethodsarea
goodchoicebecauseof thehigh quality outputmeshesthat
we can obtain througha marchingcube[17] or marching
tetrahedronalgorithm. The degreeof precisionis �x ed by
theresolutionof thevolumegrid, which canbeadaptedac-
cording to the requiredoutput resolution. But this adapt-
ability can also generateadditionalproblemsof topology:
if the resolutionof the grid is low comparedto the sizeof
thevisualhull structures,thealiasingproducedby thesub-
samplingmayproducetopologicalartifactsthatthetheoretic
visualhull doesnothave. To sumup, threedifferentsources
of deviation mayarisebetweentherealobjecttopologyand
thecomputedvisualhull topology:

� Errorsdueto the natureof the visual hull (seeFig. 1
left). Realobjectsmayhave holesthat cannotbeseen
asa silhouetteholefrom any point of view. Thevisual



Figure1: Differenttopologicalproblems.Left: exampleof a topologythatcannotbecapturedby thevisualhull concept.
Middle: exampleof topologicalproblemarisingwith a�nite numberof cameras.The�rst camerais ableto recovertheright
topologywhereasthesecondcamerais not. Right: badtopologycausedby the resolutionof thevisualhull construction
algorithm.Weshow in graytheoriginal silhouetteandin blackthereconstructedvisualhull.

hull will thenfail to representthecorrecttopologyfor
this kind of object.

� Errorsdueto the useof a �nite numberof views (see
Fig. 1 middle). They canbesolvedby having theade-
quatepointsof view thatallow a recovery of topology
of therealobject.

� Errors due to the implementationalgorithm (seeFig.
1 right). They arecausedby thenumericalprecisionor
thesubsamplingof thesilhouettes.They canbeavoided
by increasingtheprecisionof thealgorithmor by �lter -
ing thesilhouettes.

In practice,we usean octree-basedcarvingmethodfol-
lowed by a marchingtetrahedronmeshingalgorithmanda
meshsimpli�cation. In orderto initialize theoctree,an ini-
tial boundingboxcanbeanalyticallycomputedfrom the2D
silhouetteboundingboxes.The3D backprojectionof n 2D
boundingboxesde�nesa 3D convex hull formedby 4n half
planes.Theboundingbox of theconvex hull canbeanalyt-
ically computedby a simplex optimizationmethodfor each
of the6 variablesde�ning theboundingbox.

4 TextureDri venForce

In this sectionwe de�ne thetextureforceF tex appearingin
Eq. 2 which contributesto recoveringthe3D objectgeome-
try duringthesnakeevolutionprocess.Wewantthis forceto
maximizetheimagecoherenceof all thecamerasthatseethe
samepartof theobject. Differentapproachesexist to mea-
surethecoherenceof a setof images,but they canbeclas-
si�ed into two main groupswhetherthey make a punctual
radiometriccomparison(e.g.photo-consistency measuresas
in voxel coloring[28]) or aspatialcomparisonof relativera-
diometricdistribution (e.g. cross-correlationmeasures).We
have chosenthenormalizedcross-correlationbecauseof its
simplicity androbustnessin the presenceof highlightsand
changesof thelighting conditions.

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

set of views. Two different types of approachesfor this
optimizationhave beenproposedin the literature. In the
�rst type the texture similarity is usedto evaluatea current
model. If themeasureis improvedby deformingthemodel
locally, thenthemodelis updatedandtheprocessiteratedas
in [9, 8]. In otherapproachessuchaslevel-setbasedmeth-
odsin [11, 25], a volumic bandis exploredaroundthecur-
rent model. In this �rst type of approachesthe exploration
remainslocally dependenton the currentmodel. Sincethe
explorationdoesnot testall thepossiblecon�gurations,the
algorithmcanfail becauseof localmaximaof thetextureco-
herencecriterion.Thesecondtypeof approachesconsistsof
testingall the possiblecon�gurations. This allows making
a morerobust decision. In orderto improve even morethe
robustness,we cancumulatethe criterion valuesinto a 3D
grid by usinga voting approachasin [19, 22]. We will use
this kind of approachsinceit is very robust in thepresence
of highlightsandit allows us to passfrom the imageinfor-
mationto a moreusableinformationof thesort“probability
of �nding asurface”.

4.1 ProposedVoting Approach

Let us considerour problemof 3D recovery from texture.
Wewantto optimize,for agivenpixel in oneimage,thetex-
ture coherencewith the other images.An optic ray canbe
de�ned by thepixel, andwe searchthe3D point P belong-
ing to the optic ray that maximizesthe normalizedcross-
correlationwith the other images. This canbe donein an
ef�cient way by samplingthe projectionof the optic ray in
every image. In practice,the knowledgeof the visual hull,
which is anupper-boundof theobject,allows usto acceler-
atecomputations.Theimplementedcorrelationalgorithmis
thesameasin [6].

Theproblemwith this algorithmis thecomputationtime.
For large images(2000x 3000), the computationtime can
reach16 hourson a fastmachine.This time canbestrongly
reducedwith almostnolossbecauseof theredundancy of the
computation.To be ableto bene�t from alreadycomputed
correlations,theimagecanbepartitionedinto differentreso-



Figure2: Exampleof animagepartitioninto 3 differentres-
olution layers.

lution layersasshown in Fig. 2. Thentheoriginalalgorithm
is �rst runonthelowestresolutionlayer(blackpixelsin Fig.
2), with the depthinterval de�ned by the visual hull. For
consecutive layers,thedepthinterval is computedusingthe
resultsof theprecedentlayer. To estimatethedepthinterval
of a pixel basedon theresultsof thepreviouslayer, a record
of thecorrelationvaluesis maintainedin orderto controlthe
reliability of the estimation.The theoreticalmaximumim-
provementthatwe canreachwith this methodin thecaseof
3 layersas illustratedin Fig. 2 is 16 times fasterthan the
greedymethod.In practice,theimprovementis around5 or
6 timesfasterfor well-texturedimages.Theworstcasecor-
respondsto nontexturedimageswherecorrelationsbecome
unreliable.Thedepthinterval estimationfails,necessitating
to computecorrelationsover thefull visualhull depthinter-
val.

Finally, an ef�cient octreestructureis usedto storethe
resultingcorrelationhits. The resultof the correlationstep
will bea 3D octreecontainingthecumulatedhits of all the
pixel estimations.This volumeby itself cannotbe usedas
a force to drive the snake. A possibleforce could be the
gradientof thecorrelationvolume. Theproblemis that this
is avery local forcede�ned only in thevicinity of theobject
surface. The proposedsolution to this problemis to usea
gradientvector�o w (GVF) �eld to drive thesnake.

4.2 Octree-basedGradient Vector Flow

TheGVF �eld wasintroducedby [33] asaway to overcome
a dif�cult problemof traditionalexternalforces:thecapture
rangeof theforce. This problemis causedby thelocal de�-
nition of the force,andtheabsenceof an informationprop-
agationmechanism.To eliminatethis drawback,andfor all
the forcesderived from the gradientof a scalar�eld, they
proposedto generatea vector�eld forcethatpropagatesthe
gradientinformation.TheGVF of a �eld f is de�ned asthe
vector�eld v thatminimizesthefollowing energy functional
E:

E =
Z

mjjÑvjj2 + jjv � Ñ f jj2jjÑ f jj2;

wherem is the weight of the regularizationterm. The so-
lution to this minimizationproblemhasto satisfytheEuler
equation:

mÑ2v � (v � Ñ f )jjÑ f jj2 = 0:

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

vt = mÑ2v � (v � Ñ f )jjÑ f jj2:

TheGVF canbeseenastheoriginal gradientsmoothedby
the actionof a Laplacianoperator. This smoothingaction
allows us at thesametime to eliminatestrongvariationsof
thegradientvector�eld andto producea propagationof the
gradient.Thedegreeof smoothing/propagationis controlled
by m. If m is zero, the GVF will be the original gradient,
if m is very large, the GVF will be a constant�eld whose
componentsarethemeanof thegradientcomponents.

Sinceour datahave beenstoredin anoctreestructure,the
GVF hasto becomputedonamulti-resolutiongrid. For this,
weneedto beableto:

� de�ne theLaplacianoperatorandthegradientoperator
in theoctreegrid;

� de�ne how to interpolatebetweenvoxelswith different
sizes.

In threedimensions,thegradientandLaplacianoperators
arede�ned as:

Ñ f = [ fx; fy; fz]; Ñ2 f = fxx + fyy+ fzz:

In the caseof a regular grid with a spacingof [Dx;Dy;Dz],
both quantitiescan be approachedby central �nite differ-
ences:

fx � f (x+ Dx;y;z)� f (x� Dx;y;z)
2Dx ;

fxx � f (x+ Dx;y;z)� 2f (x;y;z)+ f (x� Dx;y;z)
Dx2 :

If thegrid is not regular, thenthe �nite differenceswill not
becentered.An easyway to �nd theequivalentformulasfor
a non-regular grid is to estimatethe paraboliccurve ax2 +
bx+ c thatpassesthrough3 points(Fig. 3), andcomputethe
derivativesof theestimatedcurve. After solvingtheequation
system,we �nd:

fx � 1
(d+ D)

�
f (x+ D)� f (x)

D=d � f (x� d)� f (x)
d=D

�
= b;

fxx � 2
(d+ D)

�
f (x+ D)� f (x)

D + f (x� d)� f (x)
d

�
= 2a:

As far asthe interpolationis concerned,in orderto sim-
plify the computation,we have to add a constraintto the
topologyof themulti-resolutiongrid: thedifferenceof res-
olution in theneighborhoodof a voxel, including thevoxel
itself, cannotbegreaterthanonelevel. This is not a strong
constraintsincetheresolutionof theoctreeneedsto change
slowly if wewantgoodnumericalresultsin thecomputation
of theGVF.

Thereexist threedifferentscenariosin a multi-resolution
numericalalgorithm.The�rst oneis whenthecurrentvoxel
andall its neighborshavethesamesize(seeFig. 4.a).In this
case,computationsaredoneaswith a mono-resolutiongrid.
The secondoneis whenthe currentvoxel is biggerthanor
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equalto its neighbors(seeFig. 4.b). For thosevoxelswith
thesamesize,computationsarecarriedout in anormalway.
For thosewhich aresmaller, a meanvalueis simply usedto
getthecorrectvaluein thescaleof thecurrentvoxel:

fx(A) �
f (EFGH) � f (D)

2d
; fy(A) �

f (B) � f (C)
2d

:

Thethird casecorrespondsto thecurrentvoxel beingsmaller
thanor equalto its neighbors(seeFig. 4.candd). Wecansee
two typesof con�guration,andin bothwe wantto compute
the gradientat the point A. In 4.c we needthe valueof the
function f at thepointsE, F, BC andBD:

fx(A) � 1
(d+ 1:5d)

�
f (CD)� f (A)

1:5 � f (F)� f (A)
1=1:5

�
;

fy(A) � 1
(d+ 1:5d)

�
f (BC)� f (A)

1:5 � f (E)� f (A)
1=1:5

�
:

In the example4.d the valuesBCD andDEF areobtained
by interpolatingB with CD, andDE with F, respectively. If
we translatetheseexamplesinto 3D, we have anadditional
interpolationalongthenew dimensionfor thepointsBC and
CD in 4.c,andBCD andDEF in 4.d.

In Fig. 5 wecomparetheresultof a3D GVF computation
for m= 0:1 usingaregulargrid andtheoctreeapproach.The
scalar�eld f usedin theexampleis de�ned as

f (x;y;z) =
�

1 for z2 [34;36]
0 else

:

We canappreciatethe accuracy of the multi-grid computa-
tion comparedto themono-gridone.We canhardlyseeany
differencebetweenbothcurves,only whentheoctreereso-
lution becomesvery low (voxels20and50). Meanvaluesof
computationspeedupfor 10levelsof resolutionarebetween
2 and3 timesfasterthanthemono-gridversionwhile storage
spaceis reducedbetween10and15 times.

5 SilhouetteDri venForce

Thesilhouetteforceisde�nedasaforcethatmakesthesnake
verify the original silhouettesof the sequence.If it is the
only forceof thesnake, themodelshouldconvergetowards
the visual hull. Sincewe areonly interestedin respecting
silhouettes,theforcewill dependontheselfocclusionof the
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snake. If thereis a part of the snake that alreadyveri�es a
particularsilhouette,therestof thesnakeis notconcernedby
thatsilhouette,sincethesilhouetteis alreadymatched.If we
compareavisualhull andtherealobject,weseethattheen-
tire realobjectveri�es thesilhouettes,but not all thepoints
of theobject.Theobjectconcavitiesdonotobey any silhou-
ettebecausethey areoccludedby a part of the object that
alreadymatchesthesilhouettes.Themainproblemis how to
distinguishbetweenpointsthathave to obey thesilhouettes
andthosethathave not. This is equivalentto �nding theap-
parentcontoursof the object. The silhouetteforce canbe
in fact decomposedinto two differentcomponents:a com-
ponentthatmeasuresthesilhouette�tting, anda component
that measureshow strongly the silhouetteforce shouldbe
applied. The �rst componentis de�ned asa distanceto the
visualhull. For a3D vertex PM onthemeshof thesnakethis
componentcanbe implementedby computingthe smallest
signeddistancedVH betweenthesilhouettecontoursandthe
projectionof thepoint into thecorrespondingsilhouette:

dVH (PM) = min
i

d(Si ;P iPM):

A positivedistancemeansthattheprojectionis insidethesil-
houette,andanegativedistancethattheprojectionis outside
thesilhouette.Usingonly this forcewould make thesnake
convergetowardsthevisualhull.

Thesecondcomponentmeasurestheocclusiondegreeof
a point of thesnake for a givenview point. Theview point
is chosenasthecamerathatde�nesthedistanceto thevisual



hull:

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 , therearetwo cases.If dVH is nega-
tive, it meansthatthepoint is outsidethevisualhull. In that
case,the force is always the maximumforce. For a point
inside the visual hull, c is the camerathat actuallyde�nes
its distanceto thevisualhull. Scsnake is thesilhouettecre-
atedby the projectionof the snake into the camerac. The
power n controlsthe decreasingratio of a . This function
givesthemaximumsilhouetteforce to thepointsthat com-
posetheapparentcontours.Therestof thepoints,whichare
consideredasconcavities,areweightedinverselyto thedis-
tanceto the silhouette.This allows the pointsof the snake
to detach themselves from the visual hull. A big valueof
n allows an easierdetachment.But on the otherhand,the
force is too local anddoesnot allow smoothtransitionsbe-
tweenconcavities andcontours.Thevalueusedin practice
is n = 2, which is a compromisebetweensmoothnessand
concavity recovery.

The�nal silhouetteforcefor a givenpoint of thesnake is
a vectordirectedalongthenormalto thesnake surfaceNM
andits magnitudeis theproductof bothcomponents:

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

6 MeshControl

Having de�ned the texture and silhouetteforcesF tex and
F sil , i.e. the external forces,the last force to detail is the
internalforceF int . Thegoalof theinternalforceis to regu-
larizetheeffectof theexternalforces.Classicinternalforces
usuallyusetwo differenttypesof regularization:aLaplacian
regularizationterm that controls the tensionof the model
anda biharmonicregularizationtermthatcontrolsits rigid-
ity. The discreteversionsof the LaplacianoperatorD̃ and
thebiharmonicoperatorD̃2 on a trianglemeshcanbeeasily
implementedusingthe umbrellaoperator, i.e., the operator
thattriesto moveagivenpointv of themeshto thecenterof
gravity of its 1-ringneighborhood:

D̃v =

 
1
m

m

å
i= 1

vi � v

!

; D̃2v = D̃(D̃v) =

 
1
m

m

å
i= 1

D̃vi � D̃v

!

;

wherevi is the ith neighborof v. The total internalforce is
de�nedasalinearcombinationof theLaplacianoperatorand
thebiharmonicoperator:

F int(v) = r D̃v+ (1� r )( � D̃2v);

wherer is thedesiredratiobetweentensionandrigidity.

Figure6: Externalforcesusedin the reconstructionof the
BigHeadmodel. Top left: renderingof the stereocorrela-
tion octreevolume. Top right: the octreepartition usedin
the computationof the gradientvector �o w �eld. Bottom
left: normof thegradientvector�o w �eld. Bottomright: a
componentof thesilhouetteforceafterconvergence.

Sincethe texture forcesF tex can sometimesbe parallel
to the surfaceof the snake, in the snake evolution we use
as texture force its projectionF N

tex over the normal of the
surface:

F N
tex(v) = (F tex(v) � N(v))N(v):

This avoidsproblemsof coherencein the forceof neighbor
pointsandhelpstheinternalforceto keepawell-shapedsur-
face.Thesnake evolution process(Eq. 4) at thekth iteration
canthenbe written asthe evolution of all the pointsof the
meshvi :

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 stepand b and g are the weightsof
the silhouetteforce and the regularizationterm relative to
the texture force. Equation5 is iterateduntil steady-state
of all the pointsof the meshis achieved. The time stepDt
hasto be chosenasa compromisebetweenthe stability of
the processand the convergencetime. An additionalstep
of remeshingis doneat the end of eachiteration in order
to maintaina minimum anda maximumdistancebetween
neighborpointsof themesh.This is achievedby controlled
decimationandre�nementof the mesh. The decimationis
basedon the edgecollapseoperatorand the re�nement is
basedon the

p
3-subdivisionalgorithm[12].



Figure7: OceaniaandBigHeadmodelsafter convergence
(45843and 114496verticesrespectively). Left: Gouraud
shading.Right: Sameviews with texturemapping.

7 Results

In thissectionwepresentafew resultsobtainedwith thepro-
posedapproach,andwith a texturemappingmethodsimilar
to the oneusedin [27, 14]. But we have further improved
thequality of the textureby �ltering thehighlights. This is
possiblethanksto theavailability of severalimagesseeinga
giventriangle.

All the reconstructionspresentedin this paperwhereob-
tainedfrom a single axis rotation sequenceof 36 images,
eachimagehaving 2008x3040pixels.Thevaluesof b andg
arethesamefor all the reconstructions:b = 0:2, g = 0:15.
Becausethesnake iterationis alwaysdonein thevoxel coor-
dinatesystemof theGVFoctree,thevalueof b onlydepends
ontheratiobetweentheimagessizeandtheoctreesize.Typ-
ical valuesof g arebetween0.1 and0.25,dependingon the
requiredsmoothness.In boththeBigHeadsequenceandthe
Oceaniasequencethe internalforce wasonly composedof
the Laplacianterm. Sincein both casesthe stereocorrela-
tion worked very well, the stereoforce is strongenoughto
compensatethe internalsmoothing.However, if the stereo
correlationis weakasin theheadof theIncamodel(seeFig.
9), thebiharmonictermhelpsto �t thestereodata,improving
the�nal qualityof themodel.

Figure8: Meshdetailof theOceaniaandBigHeadmodels.

Computationtimesaredominatedby thecorrelationvot-
ing step: a typical computationtime for 36 imagesof 6
Mpixelsis of 3 hoursonaP41.4GHzmachine.

In Fig. 6 we illustratethedifferentforcesusedin thede-
formablemodel.In Fig. 6 topleft weshow arenderingof the
correlationvoting volume. We canobserve that thesupport
hasonly correlatednearthe tick marks,which provide tex-
ture detailsfor the correlationalgorithm. Ten octreelevels
areusedin the voting approach(top right), which allows a
high precisionin thegradientvector�o w computation(bot-
tom left). At theendof the iterative process,a steady-state
for theentiremeshis achieved,andconcavitiesareautomat-
ically detected(bottomright). We canseethat, sincethere
is no stereo-basedforcefor thesupport,it is entirely recon-
structedby thesilhouetteforce(in fact,sincetheinitial snake
is alreadythevisualhull, thesupporthasnot changed).An-
otherexampleis shown in Fig. 7 andFig. 8. We canappre-
ciatein Fig. 8 thehigh quality of thereconstructedmodels.
Other resultsare shown in [7], in particulara comparison
betweentheproposedmethodanda3D scannerlaser.

8 Conclusionand futur ework

We have presenteda new approachto 3D objectreconstruc-
tion basedon the fusion of texture andsilhouetteinforma-
tion. Our two main contributionsarethe de�nition andthe
fusionof thesilhouetteforceinto thesnake framework, and



Figure9: Comparisonof the biharmonicterm in�uence on
the Inca model(48419vertices). Left: the internalforce is
composedonly by theLaplacianterm(r = 1). Right: weuse
boththeLaplaciantermandthebiharmonicterm(r = 0:3).

the full systemapproachwheredifferentknown techniques
areusedandimprovedin orderto obtainhighqualityresults.

Thetwo mainlimitationsof thealgorithmarealsoits two
mainsourcesof robustness:thevolumevotingapproachand
thetopologyconstantsnake approach.Thevoting approach
allowsgoodreconstructionsin thepresenceof highlights,but
it also limits the maximumresolutionof the 3D model. A
way to overcomethis limitation couldbeto introducethe�-
nalmodelinto anothersnakeevolutionwherethetextureen-
ergy computationwouldtakeintoaccountthecurrentsurface
(tangentplaneor quadricbasedcross-correlation).Sincethe
initial model is alreadyvery closeto the real surface,only
someiterationswouldsuf�ce to converge.Theseconddraw-
backis the topologyconstantevolution. It allows a guaran-
teedtopologyof the�nal modelbut it is alsoa limitation for
somekind of objectswherethetopologycannotbecaptured
by thevisualhull concept.A possiblesolutionwould be to
detectselfcollisionsof thesnake,andto launchalocal level-
set basedmethodin order to recover the correcttopology.
Furtherwork includes:i) theselfcalibrationof theimagese-
quenceusingboththesilhouettesandtraditionalmethods,ii)
animprovedstrategy for theconvergeof thesnakein orderto
acceleratetheevolution in theemptyconcavitity regions,iii)
the possibleuseof the surfacecurvaturesto allow a multi-
resolutionevolution of themesh,iv) a moreadvancedwork
in thegenerationandvisualizationof thetexturemapping.
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