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Abstract

We presenta methodfor the reconstructiorof a 3D real
objectfroma sequencef high-de nition images. We com-
binetwo differentprocedues: a shapgromsilhouettetech-
nigue which providesa coarse 3D initial modelfollowed
by a multi-steeo carvingtechnique We proposea fastbut
accurate methodfor the estimationof the carving depthat
ead vertex of the 3D mesh.Thequality of the nal textured
3D reconstructiormodelsallowsusto validatethe method.

1. Intr oduction

As computegraphicsandrobotvision becomenoreand
more performing, attentionis being focussedon complex
high quality 3D modelsandthe way they canbe acquired
from realobjects.Thereexist alot of different3D objectre-
constructiormethoddut they canbeclassi edinto two dif-
ferentgroups: active methodsandpassve methods.Laser
rangescannerandencodedight projectingsystemsiseac-
tive triangulationto acquireprecise3D data.However they
remainexpensve andrequirespecialskill for the acquisi-
tion processdtself. Furthermoreonly few scannersre ca-
pableof recordingconcurrentlythe 3D shapeinformation
with the color texture. Comparedo active scannerspas-
sive methodswork in anordinaryenvironmentwith simple
devices.Thetargetobjectis picturedby adigital RGB cam-
erafrom differentview points,for exampleasit rotateson
aturntable. The 3D informationis thenextractedfrom the

sequencef 2D colorimagesby usingdifferenttechniques.

To do so,we needtheimagesequencé¢o becalibratedand
evenif thisis anopensubjectwe will not developit in the
paperandwewill assuméhatall theimageshave beencali-
brated[8]. Ourreconstructiorapproactconsistof two dif-
ferentandcomplementarynethodsashapdrom silhouette
[7, 1, 2,10 andamulti-stereamethod[13, 14]. Theformer
constructaninitial 3D modelby volumeintersectiorfrom
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multiple views as describedin section2. The coarse3D
modelobtaineds thenusedasthe initialization of a multi-
stereareconstructioomethoddescribedn section3.

2. Shapefrom silhouette

Let bethe imagesilhouette, thecorresponding
camergprojectionmatrixand a 3D point. We cande ne

thecone generatedy thesilhouette asthesetof lines
whichveri es
Thevisualhull  de ned by thesilhouetteset  (seeFig.

1) canbewritten as:

Silhouettesnableusto de ne animplicit functionin each
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Figure 1. Visual hull construction by cone in-
tersection.

3D point. Differentapproache$or the constructionof the
visualhull have beendeveloped11, 12]. We havechoserto
useanoctree-basetkchniqueo constructt [15], the zero-
level octreebeingthe objectboundingbox. This bounding
box is deducedrom silhouetteboundingboxes. The nal

visual hull resolutionis only function of the octreedepth
level. For eachnew level, the resolutionis multiplied by
4. Oncethe octreehasbeenbuilt, we geta 3D meshof the



visual hull by marching cubetriangulation. We canseein
Fig. 2 thevisualhull obtainedfor a statuettavith anoctree
depthof 8. Theresulting3D meshcontainsd7223vertices
and194442triangles.

3. Multi-ster eocarving

Sincethe visual hull is an upperboundon the surface,
we proposeto cane it by a multi-stereotechniquewhich
will deformtheinitial modelin orderto adjustit to thetrue
surface.To do so,we will useinformationcontainedn the
objecttexture. Evidently, if the objecthasno texture or if
its information is too weak, the methodwill fail. In this
case thereexist alternatve solutionssuchas paint projec-
tion (whichis notacceptabléor mary objects)or structured
light projectionto createtheinformation.

The multi-stereocarving procedurecanbe decomposed
into 4 differentsteps:

carvingcandidatedetection,
carvingdirectionselection,
carvingdepthestimation,
carvingdepth Itering.

We describethese4 differentstepsn thefollowing sub-
sections.

3.1 Carving candidatedetection

To detectcandidatedor carvingamongthe verticesof
thevisual hull mesh,we have to evaluatethe depthquality
of the surfaceat eachoneof its vertices.This quality mea-
sureis basedn colourcoherencef the projectionof aver-
tex into the differentimages.To measurémagecoherence,
weneedto nd awayto extractvectorsof informationfrom
original data(i.e. theimages).This s discussedn section
3.1.2. We needalsoto de ne a multi-vectorlikenesrite-
rion asfollows.

3.1.1 Multi-v ector cross-corelation criterion

Let be differentvectors. We would
like to measureheir likenesslf , averywell known
criterionis thenormalizedcross-correlationWe cande ne
thenormalizedvector as

with beingthe vectorwhosecomponentarethe mean
valueof the componentsCross-correlatioetweenwo

vectors and isjustde ned asthe scalarproductof
thenormalizedvectors

If , apossiblemeasuref likenesds the meancross-
correlationbetweerall the possiblevectorpairs:

If isthetotalmeansumvector

and isthepartialmeansumvector,
we have
and canbewrittenasafunctionof

The major problemwith this criterionis thatit doesnot al-

low eliminatingvectorswhich arevery differentfrom oth-

ers. This canhapperfor examplewhenthereis a highlight

in oneof the correlationwindows. A possiblesolutioncan
be found if we write  asthe meancorrelationbetween
eachvector andits partialmeansumvector

We cancomputethe likenesshetweeravery vectorandthe
partialmeansumvector:

computethe maximumof
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Figure 2. Visual hull of a statuette . Some samples

andonly usethosevectors  whichverify

If is the numberof vectorsthatverify the preceding
equationwe canwrite a seconctriterion

3.1.2 Evaluation methods

Having chosena multi-vector criterion, we needto de ne
the way informationis extractedfrom images. Different
authorshave usedvariousapproachegut they alwaysuse
the samebasicidea: if a 3D point belongsto the object
surface,its projectioninto the differentcamerasvhich re-
ally seeit (i.e. thereis no occlusion)will be closely cor
related. A rst methodconsistsof projectingthe 3D point
into the image of eachcamera,samplingthe imagecolor
at eachpoint of projectionand measuringhe consisteng
of all color samples[B But this measurds very sensitve
to noise,sincewe only have onesampleperimage. To in-
creaserobustnessit is preferableto take several samples
perimage.A way of doingthisisto t aquadricsurfaceto
the model[5], andto usethe surface-inducednappingbe-
tweencamerago computecoherence.This procedurehas
beensuccessfullytested.But thanksto the high resolution
of our 3D model,we canassumehe surfaceto be locally

of the 72 silhouettes are shown at the bottom.

at. Thisimprovesspeedasthemappingnducedby aplane
betweertwo camerass ahomography

We shaw in Fig. 3 theresultof usingthe  criterionin
aplane-basedorrelation.We canseetherelationbetween
theregionswith a weakcorrelation(blackandblue colour)
andthe concae regions, in particularin the areacloseto
theearsandthenose.

3.2 Carving dir ection selection

For every carving candidatewe needto de ne the di-
rectionin which to cane. This directionis chosenasthe
optical ray passinghroughthe optical centerof oneof the
camerasandthe 3D point. Ideally, the bestcamerawould
have its imageplaneasperpendiculato the objectnormal
aspossibleput unfortunatelyat this stagewe know neither
the right shapeof the objectnor its normal. As a rst try,
we could usethe visual hull modelasan objectestimation
and considerthe visual hull normal as the objectnormal.
If thevisualhull is closeto the true shape gstimationwill
be goodenough.Otherwise thevisualhull normalmaybe
completelywrong (Fig. 4). A moreefcient solutioncon-
sistsof takingthe mediancameraamongthe setof cameras
which actuallyseethe candidateThis methoddoesnot de-
pendon the normalestimationandthusis morestable. In
somecasessuchasin Fig. 4, themethodmay notwork as
theabove setof cameraganbevoid at the bottomof some
folds. Thisis anintrinsic problemof thevisualhull.
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Figure 3. Plane-based correlation results

Figure 4. Back side of the visual hull (detail).
Left: The surface is very folded with strong
normal variations. Right: The corresponding
high resolution mesh.

3.3 Carving depth estimation

For every point, we have to estimatethe depthalong
the carving direction to attain the object surface. Un-
like the carving candidatedetectionmethod,which wasan
evaluationmethod,the depthestimationcannotbene t of
a mapping-inducedsurface. For the correlation method
we have chosenthe easiestsolution: a rectangularwin-
dow basedcorrelation alsocalledfront parallelcorrelation.
Evenif it doesnot exist ary surfacewhoseprojectionis al-
waysa rectangulamwindow, the methodis still robustsince
it doesnotassumeny aprioristicassumptiomboutthesur
faceof theobject.In addition,it is quickerto calculate.The
algorithmusedfor evaluationof a depthalongthe carving
directionis similar to thatof [13]. For every 3D depth,the
algorithmcomputegheprojected2D pointfor everyimage,
extractsthe centeredvindow by resamplingheimage,and

measuresoherencef theresultingwindows. Onequestion
that arisesis the way depthsamplinghasto be done. For
a given carving direction, its projectioninto the different
imagesarealsolines'andthey areall relatedby the epipo-
lar constraint.It is easyto establisithe geometricrelation-
shipbetweera 2D deviation alongaprojectedine and
thecorrespondin@D depth . Thisrelationshipdepends
only onthe 3 parameters asfollows:

Using thesetwo equationsyve candeducethe relationship
betweenwo different2D deviations and

and

we cansubstitute

This relation is exact whereasin [13] the approximation
is used. With theseequationswe canre-
latein a singlecoordinatesystemall the correlationcurves

1In apinholecameramodelcontext.



generatedy a setof camerasFor agivenimage,we only
needto calculatethe depthstepswhich correspondo alo-
calimagevariationof onepixel. Thismeanghatfor agiven
depthinterval, camerasiearto the mediancameraneedto
computealow numberof correlationsandcameragar from
the mediancameraneeda highernumber Logically, the
biggerthe parallaxis, the higherthe depthresolution.This
propertyhasled usto split the carving procedurento two
differentandcomplementargtagesasfollows:

a rst stagewith a reducednumberof camerasear
the mediancamerafor a quick roughinitial searchin
all thedepthinterval,

a secondstagewith the full setof cameraswithin a
smallerinterval for a high-accurag search.

3.3.1 Initial search

For theinitial searchwe useonly the 4 nearestamerago
the medianone. The maximumdepthto cane is directly
givenby the visual hull becauseve know that points must
stayinside the visual hull volume. Using cameraswith a
small parallaxallows us to scana big depthrangewith a
smallnumberof correlations.For a givendepthrangeand
for every camerawe computethe correlationwith the me-
diancamerawhich givesus4 correlationcurves. By using
the equationdrom the precedingsection,we canrepresent
all the4 curvesin the samecoordinatesystem.ldeally, all
the curvesshouldhave an absolutemaximumat the depth
of the objectsurface (Fig. 5.a). Unfortunately it is not
always like that (Fig. 5.b), for examplewhenthereis a
highlight presenbr whennotenoughtextureinformationis
available(we correlateonly imagenoise). Themethodused
to estimatethe initial depthis basicallya voting approach.
We searchthe depthscorrespondingdo the local andglobal
maximafor eachcurve whoseglobal maximumis bigger
thanathresholdandwe give to eachdeptha weight. If the
maximumcumulatedweight exceedsa threshold,the cor-
respondingdepthis validatedas initial estimationandwe
proceedo the next stage. Otherwise the estimationis re-
jectedandthe pointremainsuncared.

3.3.2 Accurate estimation

Oncetheinitial carvingdepthestimatiorhasbeenobtained,
we canuseall the available camerago improve the preci-
sion.We choosaalittle interval aroundtheinitial estimation
andcomputeall the possiblecorrelationswith the median
camera(Fig. 6.a). The curveswhosemaximumdoesnot
attaina thresholdare rejectedand the remainingonesare
transferredo a single coordinatesystemfor the computa-
tion of the meancurve (Fig. 6.b). The maximumof the
meancurve givesusthe nal positionof the point. There-
sultsof the multi-correlationcarvingareshowvn in Fig. 7.
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Figure 5. Initial search with the 4 closest cam-
eras to the main camera. a) Valid case. b)
Non-valid case.
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Figure 6. Carving depth accurate estimation.
a) Set of valid correlation curves. b) Mean of
correlation curves.

Regardingthedepthsmapin Fig. 7.c,it canbehighlitedthat
thereare pointswhosecarvingdepthis negative (in blue).
This hasbeendueto a poorsegmentatiorof thesilhouettes
whichhascauseda slight erosionat someregionsof thevi-
sualhull. Themulti-correlationtechniquehasenabledusto
preciselyrecovertheseregions.

3.4. Carving depth ltering

Let considetthe 3D meshresultingfrom thedeformation
of the visual hull meshafter carving. As the carvingdepth
estimationis alocal estimationtheresultsarenoisy which
leadsusto a new stageof depthregularisation.For a given
point of this mesh,we projectevery neighbouronto the
carvingdirection,which givesus a depthfor eachof them
accordingthis direction (Fig. 9). Eachdepthis given a
weightequalto its correlationvalue. The nal positionof
is choserastheweightedmedianvalue.

A mean lter canalsobe appliedto reduceirregulari-
ties due to the noise and the residualimprecisionof the
method. The resultsof both Iters are presentedn Fig.
8. Finally a texture mappingis appliedwith the method
describedn [15] (Fig. 10). Thetotal CPU time required
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Figure 7. (a) Carved model. (b) Multi-correlation results. (c) Carving depths.



Figure 8. Carved model with Itering.

Figure 9. Depth regularisation.

for the full 3D modelreconstructior{visual hull construc-
tion+carving+teture mapping)is around10 minutesin a
PCwith aPentium4 processoat 1,4GHz.

4 Conclusions

We proposea 3D reconstructiormethodof real objects
from asequencefimages After the constructiorof thevi-
sualhull de ned by theobjectsilhouettesye careit with a
multi-correlationtechnique.This methodworkswell if the
shapeof thevisualhull is notvery differentfrom the object,
evenif the carvingdepthis big (ex. thefaceof the statue).
If the meshdeformationis very important(ex. the back
appendixin the model)the resultsare noisy becausehere
are mary pointsthat cannotbe carved. We are consider
ing amoreglobalmethodasthelevel setapproachs, 4, 9]
whichwe would lik e to combinewith the presentechnique
in orderto controlits computationatost.
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