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Abstract

We presenta methodfor thereconstructionof a 3D real
objectfroma sequenceof high-de�nition images.We com-
binetwodifferentprocedures:a shapefromsilhouettetech-
nique which providesa coarse 3D initial modelfollowed
by a multi-stereocarvingtechnique. We proposea fastbut
accuratemethodfor theestimationof thecarvingdepthat
each vertex of the3D mesh.Thequalityof the�nal textured
3D reconstructionmodelsallowsusto validatethemethod.

1. Intr oduction

As computergraphicsandrobotvisionbecomemoreand
more performing,attentionis being focussedon complex
high quality 3D modelsandthe way they canbe acquired
from realobjects.Thereexist a lot of different3D objectre-
constructionmethodsbut they canbeclassi�edinto two dif-
ferentgroups:active methodsandpassive methods.Laser
rangescannersandencodedlight projectingsystemsuseac-
tive triangulationto acquireprecise3D data.However they
remainexpensive andrequirespecialskill for the acquisi-
tion processitself. Furthermoreonly few scannersareca-
pableof recordingconcurrentlythe 3D shapeinformation
with the color texture. Comparedto active scanners,pas-
sive methodswork in anordinaryenvironmentwith simple
devices.Thetargetobjectis picturedby adigital RGBcam-
erafrom differentview points,for exampleasit rotateson
a turntable.The3D informationis thenextractedfrom the
sequenceof 2D color imagesby usingdifferenttechniques.
To doso,we needtheimagesequenceto becalibrated,and
evenif this is anopensubject,we will not developit in the
paperandwewill assumethatall theimageshavebeencali-
brated[8]. Ourreconstructionapproachconsistsof two dif-
ferentandcomplementarymethods:ashapefrom silhouette
[7, 1, 2, 10] andamulti-stereomethod[13, 14]. Theformer
constructsaninitial 3D modelby volumeintersectionfrom

multiple views as describedin section2. The coarse3D
modelobtainedis thenusedastheinitialization of a multi-
stereoreconstructionmethoddescribedin section3.

2. Shapefr om silhouette

Let ��� bethe ���	� imagesilhouette,
�� thecorresponding
cameraprojectionmatrix and � a 3D point. We cande�ne
thecone
�� generatedby thesilhouette��� asthesetof lines
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Thevisualhull # de�ned by thesilhouetteset �$� (seeFig.
1) canbewrittenas:
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Silhouettesenableusto de�ne animplicit functionin each

Figure 1. Visual hull construction by cone in­
tersection.

3D point. Differentapproachesfor theconstructionof the
visualhull havebeendeveloped[11, 12]. Wehavechosento
useanoctree-basedtechniqueto constructit [15], thezero-
level octreebeingtheobjectboundingbox. This bounding
box is deducedfrom silhouetteboundingboxes. The �nal
visual hull resolutionis only function of the octreedepth
level. For eachnew level, the resolutionis multiplied by
4. Oncetheoctreehasbeenbuilt, we geta 3D meshof the



visual hull by marching cubetriangulation.We canseein
Fig. 2 thevisualhull obtainedfor a statuettewith anoctree
depthof 8. Theresulting3D meshcontains97223vertices
and194442triangles.

3. Multi-ster eocarving

Sincethe visual hull is an upper-boundon the surface,
we proposeto carve it by a multi-stereotechniquewhich
will deformtheinitial modelin orderto adjustit to thetrue
surface.To do so,we will useinformationcontainedin the
objecttexture. Evidently, if theobjecthasno textureor if
its information is too weak, the methodwill fail. In this
case,thereexist alternative solutionssuchaspaint projec-
tion (whichis notacceptablefor many objects)or structured
light projectionto createtheinformation.

Themulti-stereocarvingprocedurecanbedecomposed
into 4 differentsteps:

- carvingcandidatedetection,

- carvingdirectionselection,

- carvingdepthestimation,

- carvingdepth�ltering.

We describethese4 differentstepsin thefollowing sub-
sections.

3.1. Carving candidatedetection

To detectcandidatesfor carvingamongthe verticesof
thevisualhull mesh,we have to evaluatethedepthquality
of thesurfaceat eachoneof its vertices.This quality mea-
sureis basedoncolourcoherenceof theprojectionof aver-
tex into thedifferentimages.To measureimagecoherence,
weneedto �nd awayto extractvectorsof informationfrom
original data(i.e. the images).This is discussedin section
3.1.2. We needalsoto de�ne a multi-vectorlikenesscrite-
rion asfollows.

3.1.1 Multi-v ector cross-correlation criterion

Let .
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like to measuretheir likeness.If 9:�%; , a verywell known
criterionis thenormalizedcross-correlation.We cande�ne
thenormalizedvector .9�� as

.9
�

�

.

/

��<=.

>

�

?�?

.

/

��<=.

>

�

?�?

�@�A�B�C2C�657565)�@9�!3�

with .

>

� beingthevectorwhosecomponentsarethe mean
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If 9JIK; , a possiblemeasureof likenessis themeancross-
correlationbetweenall thepossiblevectorpairs:

L

�

�

2

9AM	9N<O2QP

,

R

�

(

D

'

�)(

��S '

D


��

D

� T

,

�

(

D

'

�


��

D

<B9

9AMU9N<V2WP

5

If .

X is thetotalmeansumvector,
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Themajorproblemwith this criterionis that it doesnot al-
low eliminatingvectorswhich arevery differentfrom oth-
ers.This canhappenfor examplewhenthereis a highlight
in oneof thecorrelationwindows. A possiblesolutioncan
be found if we write

L

�

as the meancorrelationbetween
eachvector .9�� andits partialmeansumvector .
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We cancomputethelikenessbetweenevery vectorandthe
partialmeansumvector:
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Figure 2. Visual hull of a statuette . Some samples of the 72 silhouettes are sho wn at the bottom.
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If yYM	zBP is thenumberof vectorsthatverify thepreceding
equation,we canwrite a secondcriterion
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3.1.2 Evaluation methods

Having chosena multi-vectorcriterion, we needto de�ne
the way information is extractedfrom images. Different
authorshave usedvariousapproachesbut they alwaysuse
the samebasic idea: if a 3D point belongsto the object
surface,its projectioninto thedifferentcameraswhich re-
ally seeit (i.e. thereis no occlusion)will be closelycor-
related.A �rst methodconsistsof projectingthe3D point
into the imageof eachcamera,samplingthe imagecolor
at eachpoint of projectionandmeasuringthe consistency
of all color samples[3]. But this measureis very sensitive
to noise,sincewe only have onesampleper image.To in-
creaserobustness,it is preferableto take several samples
perimage.A way of doingthis is to �t a quadricsurfaceto
themodel[5], andto usethesurface-inducedmappingbe-
tweencamerasto computecoherence.This procedurehas
beensuccessfullytested.But thanksto thehigh resolution
of our 3D model,we canassumethe surfaceto be locally

�at. Thisimprovesspeedasthemappinginducedby aplane
betweentwo camerasis ahomography.

We show in Fig. 3 theresultof usingthe
L

^

criterionin
a plane-basedcorrelation.We canseetherelationbetween
theregionswith a weakcorrelation(blackandbluecolour)
and the concave regions, in particularin the areacloseto
theearsandthenose.

3.2. Carving dir ectionselection

For every carving candidatewe needto de�ne the di-
rection in which to carve. This direction is chosenas the
optical ray passingthroughtheopticalcenterof oneof the
camerasandthe 3D point. Ideally, the bestcamerawould
have its imageplaneasperpendicularto theobjectnormal
aspossible,but unfortunately, at thisstageweknow neither
the right shapeof the objectnor its normal. As a �rst try,
we couldusethevisualhull modelasanobjectestimation
andconsiderthe visual hull normal as the object normal.
If thevisual hull is closeto the trueshape,estimationwill
begoodenough.Otherwise,thevisualhull normalmaybe
completelywrong(Fig. 4). A moreef�cient solutioncon-
sistsof takingthemediancameraamongthesetof cameras
whichactuallyseethecandidate.This methoddoesnot de-
pendon thenormalestimationandthusis morestable. In
somecases,suchasin Fig. 4, themethodmaynot work as
theabovesetof camerascanbevoid at thebottomof some
folds. This is anintrinsicproblemof thevisualhull.



Figure 3. Plane­based correlation results

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

3.3. Carving depth estimation

For every point, we have to estimatethe depth along
the carving direction to attain the object surface. Un-
like thecarvingcandidatedetectionmethod,which wasan
evaluationmethod,the depthestimationcannotbene�t of
a mapping-inducedsurface. For the correlationmethod
we have chosenthe easiestsolution: a rectangularwin-
dow basedcorrelation,alsocalledfront parallelcorrelation.
Evenif it doesnot exist any surfacewhoseprojectionis al-
waysa rectangularwindow, themethodis still robustsince
it doesnotassumeany aprioristicassumptionaboutthesur-
faceof theobject.In addition,it is quickerto calculate.The
algorithmusedfor evaluationof a depthalongthecarving
directionis similar to thatof [13]. For every 3D depth,the
algorithmcomputestheprojected2D point for everyimage,
extractsthecenteredwindow by resamplingtheimage,and

measurescoherenceof theresultingwindows.Onequestion
that arisesis the way depthsamplinghasto be done. For
a given carving direction, its projectioninto the different
imagesarealsolines1andthey areall relatedby theepipo-
lar constraint.It is easyto establishthegeometricrelation-
shipbetweena2D deviationalongaprojectedline ‚

^0ƒ

and
thecorresponding3D depth‚…„

ƒ

. This relationshipdepends
only on the3 parameters†‡�‰ˆŠ�‰
 asfollows:
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Using thesetwo equations,we candeducetherelationship
betweentwo different2D deviations ‚
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This relation is exact whereasin [13] the approximation
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is used. With theseequationswe can re-
late in a singlecoordinatesystemall thecorrelationcurves

1In apinholecameramodelcontext.



generatedby a setof cameras.For a givenimage,we only
needto calculatethedepthstepswhich correspondto a lo-
cal imagevariationof onepixel. Thismeansthatfor agiven
depthinterval, camerasnearto themediancameraneedto
computealow numberof correlationsandcamerasfar from
the mediancameraneeda higher number. Logically, the
biggertheparallaxis, thehigherthedepthresolution.This
propertyhasled us to split thecarvingprocedureinto two
differentandcomplementarystagesasfollows:

- a �rst stagewith a reducednumberof camerasnear
themediancamerafor a quick roughinitial searchin
all thedepthinterval,

- a secondstagewith the full set of cameraswithin a
smallerinterval for ahigh-accuracy search.

3.3.1 Initial search

For the initial search,we useonly the4 nearestcamerasto
the medianone. The maximumdepthto carve is directly
givenby thevisualhull becausewe know thatpointsmust
stay inside the visual hull volume. Using cameraswith a
small parallaxallows us to scana big depthrangewith a
smallnumberof correlations.For a givendepthrangeand
for every camera,we computethecorrelationwith theme-
diancamera,whichgivesus4 correlationcurves.By using
theequationsfrom theprecedingsection,we canrepresent
all the4 curvesin thesamecoordinatesystem.Ideally, all
the curvesshouldhave an absolutemaximumat the depth
of the object surface(Fig. 5.a). Unfortunately, it is not
always like that (Fig. 5.b), for examplewhen there is a
highlightpresentor whennotenoughtextureinformationis
available(wecorrelateonly imagenoise).Themethodused
to estimatethe initial depthis basicallya voting approach.
We searchthedepthscorrespondingto thelocal andglobal
maximafor eachcurve whoseglobal maximumis bigger
thana thresholdandwe give to eachdeptha weight. If the
maximumcumulatedweight exceedsa threshold,the cor-
respondingdepthis validatedas initial estimationandwe
proceedto thenext stage.Otherwise,theestimationis re-
jectedandthepoint remainsuncarved.

3.3.2 Accurate estimation

Oncetheinitial carvingdepthestimationhasbeenobtained,
we canuseall the availablecamerasto improve the preci-
sion.Wechoosealittle intervalaroundtheinitial estimation
andcomputeall the possiblecorrelationswith the median
camera(Fig. 6.a). The curveswhosemaximumdoesnot
attaina thresholdarerejectedandthe remainingonesare
transferredto a singlecoordinatesystemfor the computa-
tion of the meancurve (Fig. 6.b). The maximumof the
meancurve givesusthe�nal positionof thepoint. There-
sultsof the multi-correlationcarvingareshown 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)
Non­v alid case .
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Figure 6. Carving depth accurate estimation.
a) Set of valid correlation cur ves. b) Mean of
correlation cur ves.

Regardingthedepthsmapin Fig. 7.c,it canbehighlitedthat
therearepointswhosecarvingdepthis negative (in blue).
This hasbeendueto a poorsegmentationof thesilhouettes
whichhascausedaslighterosionat someregionsof thevi-
sualhull. Themulti-correlationtechniquehasenabledusto
preciselyrecover theseregions.

3.4. Carving depth �ltering

Let considerthe3D meshresultingfrom thedeformation
of thevisualhull meshaftercarving. As thecarvingdepth
estimationis a localestimation,theresultsarenoisy, which
leadsusto a new stageof depthregularisation.For a given
point � of this mesh,we projectevery neighbouronto the
carvingdirection,which givesusa depthfor eachof them
accordingthis direction (Fig. 9). Eachdepth is given a
weightequalto its correlationvalue.The�nal positionof �

is chosenastheweightedmedianvalue.
A mean�lter can also be appliedto reduceirregulari-

ties due to the noiseand the residualimprecisionof the
method. The resultsof both �lters are presentedin Fig.
8. Finally a texture mappingis appliedwith the method
describedin [15] (Fig. 10). The total CPU time required
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Figure 7. (a) Carved model. (b) Multi­correlation results. (c) Carving depths.



Figure 8. Carved model with �ltering.

Figure 9. Depth regularisation.

for the full 3D modelreconstruction(visual hull construc-
tion+carving+texture mapping)is around10 minutesin a
PCwith a Pentium4 processorat1,4GHz.

4 Conclusions

We proposea 3D reconstructionmethodof realobjects
from asequenceof images.After theconstructionof thevi-
sualhull de�nedby theobjectsilhouettes,wecarveit with a
multi-correlationtechnique.This methodworkswell if the
shapeof thevisualhull is notverydifferentfrom theobject,
evenif thecarvingdepthis big (ex. thefaceof thestatue).
If the meshdeformationis very important (ex. the back
appendixin themodel)the resultsarenoisy becausethere
aremany points that cannotbe carved. We are consider-
ing a moreglobalmethodasthelevel setapproach[6, 4, 9]
whichwewould like to combinewith thepresenttechnique
in orderto controlits computationalcost.

5. Acknowledgements

We would like to thankthe “Centrede Rechercheet de
Restaurationdes Musesde France(C2RMF)” for allow-
ing us to usetheAnyi sequenceacquiredfor theEuropean
projectIST ACOHIR.

References

[1] B. G.Baumgart.GeometricModellingfor ComputerVision.
PhDthesis,StandfordUniversity, 1974.

[2] E. Boyer. Objectmodelsfrom contoursequences.In Proc.
ECCV, pages109–118,1996.

[3] H. B. C.-E.LiedtkeandR.Koch.Shapeadaptationfor mod-
elling of 3d objectsin naturalscenes.In IEEE Proc. Com-
puterVisionandPatternRecognition, 1991.Hawaii.

[4] A. Colosimo,A. Sarti, andS. Tubaro. Image-basedobject
modeling: a multiresolutionlevel-setapproach. In IEEE
InternationalConferenceon Image Processing, volume 2,
pages181–184,2001.

[5] G. Crossand A. Zisserman. Surfacereconstructionfrom
multiple views usingapparentcontoursandsurfacetexture.
In A. Leonardis,F. Solina, and R. Bajcsy, editors,NATO
AdvancedResearch Workshopon Con�uenceof Computer
Vision andComputerGraphics,Ljubljana, Slovenia, pages
25–47,2000.

[6] O. Faugerasand R. Keriven. Variational principles, sur-
faceevolution,pdes,level setmethods,andthestereoprob-
lem. IEEE Transactionson Image Processing, 7(3):336–
344,march1998.

[7] A. Laurentini. Thevisualhull conceptfor silhouettebased
imageunderstanding.IEEETrans.onPAMI, 16(2),1994.

[8] J. M. Lavest,M. Viala, andM. Dhome. Do we really need
anaccuratecalibrationpatternto achieve a reliablecamera
calibration?In Proc.of the5thEuropeanConf. onComputer
Vision, volume1, pages158–174,1998.Germany.



a) b)

Figure 10. a) Original image. Belo w: Detail of the neck in a posterior view. b) 3D model with texture
mapping in the same point of view.

[9] R. Malladi, J.A.Sethian,andB. Vemuri. Shapemodelling
with front propagation:A level setapproach.IEEE Tr. on
PAMI, 17(2):158–175,February1995.

[10] Y. Matsumoto,K. Fujimura,andT. Kitamura. Shape-from-
silhouette/stereoandits applicationto 3-ddigitizer. j-LECT-
NOTES-COMP-SCI, 1568:177–188,1999.

[11] Y. Matsumoto,H. Terasaki,K. Sugimoto,andT. Arakawa.
A portablethree-dimensionaldigitizer. In Int. Conf. on Re-
cent Advancesin 3D Imaging and Modeling, pages197–
205,1997.Ottowa.

[12] W. NiemandJ.Wingbermuhle.Automaticreconstructionof
3d objectsusinga mobilemonoscopiccamera.In Int. Conf.
on RecentAdvancesin 3D Imaging and Modeling, pages
173–181,1997.Ottowa.

[13] M. OkutomiandT. Kanade.A multiple-baselinestereo.In
IEEEProc.ComputerVisionandPatternRecognition, pages
63 –69,1991.

[14] P.FuaandY. Leclerc. Object-centeredsurfacereconstruc-
tion: Combining multi-image stereoand shading. Inter-

nationalJournal of ComputerVision, 16:35–56,September
1995.

[15] F. Schmitt and Y. Yemez. 3d color object reconstruction
from 2d imagesequences.In IEEE Interational Conference
on Image Processing, 1999.Kobe.


