
 
 
 
 
 

 
Using silhouette coherence for 3D image-based 

object modeling under circular motion 
 

 
        Utilisation de la cohérence entre silhouettes pour 
             la modélisation d’objets 3D à partir d’images 

de séquences en rotation 
 

 
 
 
 

Carlos Hernández Esteban 
Francis Schmitt  

 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 2003 

 
 

Département Traitement du Signal et des Images 
CNRS UMR 5141 

Groupe Traitement et Interprétation des Images 
 

 
 
 

 
 
 

 
2003D011 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Dépôt légal : 2003 – 4ème trimestre 
Imprimé à l’Ecole Nationale Supérieure des Télécommunications – Paris 

ISSN 0751-1345 ENST D (Paris) (France 1983-9999) 
 
 
 



UsingSilhouetteCoherencefor 3D Image-basedObject
Modeling under Cir cular Motion
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Abstract

We presenta new conceptof silhouettecoherenceappliedto a setof silhouettesgener-
atedby a 3D object.Theproposedsilhouettecoherenceconceptis usedin theproblem
of camera calibration for image-based3D objectmodelingundercircular motion.We
�r stdiscussthesilhouettecoherencenotionandde�ne a practical criterion to estimate
it. Thiscriterion dependsbothon thesilhouettesandon theparameters of thecameras
that generatedthem.Theseparameters canbeoptimizedfor the3D modelingproblem
bymaximizingtheoverall silhouettecoherence. Wepresentvariousexperimentalresults
illustrating theef�ciency of theproposedsilhouettecoherencecriterion.

Résuḿe

Nousdévelopponsle conceptdecoh́erenced'un ensembledesilhouettesgéńeréespar
un objet 3D pour l'appliquer aux probl�emesde recalage 3D et d'estimationde mou-
vement.Nousdiscutonsd'abord la notiondecoh́erencedesilhouetteset proposonsun
crit �ere decoh́erenceainsi qu'unemani�ere ef�cace dele calculer. Cecrit �ere dépendsi-
multańementdessilhouettesetdesparam�etresdescaḿeras.Lesparam�etresdescaḿeras
peuventainsiêtreoptimiśesenmaximisantla coh́erencedessilhouettes.Nousprésentons
plusieurs résultatsexpérimentauxqui illustrent l'ef�cacit é du crit �ere de coh́erencede
silhouettespropośe.



2

Fig.1. Silhouetteacquisitionandits correspondingreconstructedvisualhull (caseof a rotation
sequence).Left: originalobjectandits correspondingsilhouettes.Right: reconstructedvisualhull
usingthesamesetof silhouettes.

1 Intr oduction

3D image-basedmodelingis becomingmorepopularasrecenttechniquesprovidehigh
quality models.Shapefrom silhouettetechniquesarespeciallyinterestingsincethey
provide goodinitial modelsfor furtherprocessingin 3D reconstructionalgorithmsand
areef�cient enoughfor realtimeapplications.

Cameracalibrationis a very importantinitial stepfor 3D reconstruction.Thetech-
niquepresentedin this papermakesuseof the silhouettesin a novel way in orderto
recover thecameraparametersundercircularmotion,which is commonlyusedfor 3D
image-basedmodeling.Assumingthat the silhouettesarewell extracted,we propose
the silhouettecoherenceasa global quality measurefor the calibrationof a subsetof
thecameraparametersby maximizingtheoverall silhouettecoherence.This allows us
to obtainhighquality3D reconstructionswithout theuseof any calibrationpattern.

Thispapersis organizedasfollows: in section2 wepresenttherelatedwork. In sec-
tion 3 wede�ne anddiscussthesilhouettecoherencemeasure.In section4 wepropose
a fastimplementationof thecoherencecriterion.In section5 wepresentanapplication
to visualhull registrationandin section6 anapplicationto motionandfocalestimation.

2 RelatedWork

The approachpresentedin this paperis relatedto threedifferentkinds of techniques:
i) cameracalibration,ii) texture registrationbetweenimagesanda 3D reconstructed
model,andiii) visualhull computation.

A largecollectionof methodsfor cameracalibrationexists[10]. They rely oncorre-
spondencesbetweenthesameprimitivesdetectedin differentimages.In theparticular
caseof circular motion, the methodsin [11,12] work well when the imagescontain
enoughtextureto make a robustdetectionof theprimitives.Otherwisesilhouettescan
beusedinstead.Calibrationbasedon silhouettesis usedfor two mainapplications:vi-
sualhull 3D registration[27,23,6] andmotionestimation[21,13]. Although[27] does
not explicitly proposethe registrationof two differentsequencesof silhouettes,they
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Fig.2.Computationof the3D opticrayintersectionby backprojectionof thesilhouetteintervals.

proposea way of estimatingtheposeof a 3D modelrelative to a setof silhouettes,so
silhouetteregistrationcanin factbeachievedby �rst reconstructinga 3D modelusing
one of the sequencesfollowed by a poseestimationrelative to the secondsequence
of silhouettes.In [23] two differentreconstructionsareobtainedfrom every silhouette
sequence.Then, the two 3D reconstructedmodelsarematchedusing tangentplanes
andstability constraints.[6] alsostartwith differentreconstructions.They usethemto
speedup stereomatchingto locate3D points,andwith the3D pointsthey areableto
register/re�nebothvisualhulls. In [21,13] motion recovery is achieved usingtheno-
tion of epipolartangencies[26,24], i.e., pointson the silhouettecontoursthat belong
to anepipolarline tangentto thesilhouette.Although this methodgivesgoodresults,
its main drawbackis that thereis a limited numberof epipolartangenciesper pair of
images,generallyonly two, andtheir detectionis verysensitive to noise.

Concerningtextureregistration,thereexistsa numberof algorithmsthattry to reg-
isterasetof texturedviewswith a3D representationof theobjectusingsilhouettes[16,
19,22]. Calibrationis accomplishedby minimizing the error betweenthe contoursof
thesilhouettesandthecontoursof theprojectedobject.In [19,22] theerror is de�ned
asthesumof thedistancesbetweenanumberof samplepointsononecontourandtheir
nearestpointson theother. In [16] a hardware-acceleratedmethodis usedto compute
thesimilarity betweentwo silhouettesastheareaof their intersection.

Finally, visual hull computationis a very active areasinceit is oneof the fastest
andmostrobustwaysof obtaininganinitial estimationof a3D object.It canbeprecise
enoughfor realtimerenderingapplicationssuchas[17] or usedasaninitial estimation
for furtherprocessingin 3D reconstructionalgorithms[9].

In this paperwe de�ne a silhouettecoherencecriterion inspiredfrom [16] but the
main differenceis that we do not needa known 3D modelcorrespondingto the real
object.The3D modelis implicitly reconstructedfrom thesilhouettesat thesametime
as the cameracalibrationby a visual hull method[1,4,7,8,14,18,20]. In particular,
theuseof thetechniquedescribedin [20] allows all thecomputationsto bedonein the
imagedomain,whichovercomestheneedfor a3D representationasin [27,23,6].
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3 A Measureof SilhouetteCoherence

It seemsthat thenotionof silhouettecoherencehasnot alreadybeendevelopedin the
literature.However, [3] studythesameproblembut with adifferentpointof view. They
provide thenotionof silhouettecompatibilityto stateif a givensetof silhouettesof a
sameobjectarepossibleor not. They give somerulesto detectif a setof silhouettes
is compatibleor not, but only for the specialcaseof orthographiccamerasandwith-
outproviding a meansto computetheir amountof incompatibility. In thefollowing we
describeacriterionof silhouettecoherencethatallowsusto measureadegreeof coher-
enceandthusoffersus thepossibilityof usingoptimizationmethodsto recover some
of thecameraparameters.

Givena setof silhouettesof a same3D objecttakenfrom differentpointsof view,
and the correspondingset of cameraprojectionmatrices,we would like to measure
thecoherenceof both thesilhouettesegmentationandthecameraprojectionmatrices.
The only informationcontainedin a silhouetteis a classi�cation into two categories
of all theoptic raysthatgo throughtheoptic centerof theassociatedview: thosethat
intersecttheobjectandthosethatdonot,dependingonif thepixel thatde�nestheoptic
raybelongsto thesilhouetteor not.Let usconsideranoptic ray intersectingtheobject.
Its projectioninto any otherview mustintersectthecorrespondingsilhouette.Theback
projectionof this intersectionontothe3D optic ray de�nesoneor several3D intervals
wherewe know that the optic ray intersectsthe real objectsurface(seeFig.2). In the
caseof only two views,thecorrespondingsilhouetteswill notbecoherentif thereexists
at leastoneoptic ray classi�ed asintersectingtheobjectby oneof thesilhouettesand
whoseprojectiondoesnot intersectthe othersilhouette.In the caseof N views, the
lack of coherenceis de�ned by theexistenceof at leastoneoptic ray wherethedepth
intervalsde�nedby theN � 1 othersilhouetteshaveanemptyintersection.This lackof
coherencecanbemeasuredsimplyby countinghow many optic raysin eachsilhouette
arenotcoherentwith theothersilhouettes.Two examplesof coherentandnon-coherent
silhouettesin the2D caseareshown in Fig.3.Theopticraypencilsthatarenotcoherent
with theothersilhouettesareshown by anarrow in Fig.3.b.

A �rst way of computinga coherencemeasureis thefollowing: i) computethere-
constructedvisual hull de�ned by the silhouettes,ii) project the reconstructedvisual
hull backinto thecameras,andiii) comparethereconstructedvisualhull silhouettesto
the original ones.In the situationof ideal data,i.e., perfectsegmentationandperfect
projectionmatrices,the reconstructedvisual hull silhouettesand the original silhou-
etteswill be exactly the same(seeFig. 3.a).With real data,both the silhouettesand
the projectionmatriceswill not be perfect.As a consequence,the original silhouettes
andthereconstructedvisualhull silhouetteswill not bethesame,thereconstructedvi-
sualhull silhouettesbeingalwayscontainedin theoriginalones.Thiscanbeexplained
mathematicallyin thefollowing way:

Let Si be the i th imagesilhouette,Pi thecorrespondingcameraprojectionmatrix
andp a2D point.Wecande�ne theconeCi generatedby thesilhouetteSi asthesetof
linesl iv whichveri�es

Ci � f l iv = P � 1
i p;p 2 Si g:
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a) b)

Fig.3. 2D examplesof different silhouettecoherences.The reconstructedvisual hulls are the
black polygons.a) Perfectlycoherentsilhouetteset.b) Setof 3 silhouetteswith low silhouette
coherence.Incoherentoptic raypencilsareindicatedby thearrows.

The reconstructedvisual hull V de�ned by the silhouettesetSi , i = 1; : : : ; n canbe
writtenasthefollowing coneintersection:

V =
\

i =1 ;::: ;n

Ci :

TheprojectedsilhouetteSV
i is de�nedasthesetof the2D pointsp in thei th image,

whoseoptic ray intersectsthereconstructedvisualhull:

SV
i = f p;P � 1

i p \ V 6= ;g :

By construction
SV

i � Si ; 8i:

If thesilhouettesandtheprojectionmatricesareperfect,thenSV
i = Si 8i .

A �rst possiblemeasureof similarity betweenthe two silhouettesSi andSV
i of

the i th imagecanbe the ratio of areasbetweenthe two silhouettes.But becausethe
silhouettesareacanbeverylargefor big images(weuseimagesof upto 4Kx4K pixels),
for small differencesbetweensilhouettes,the dynamicrangeof this measurewill be
very small andnot accurateenoughfor the applicationswe areconsidering.A better
measureusesthe ratio of the silhouettecontour lengthsrather than the ratio of the
silhouetteareas.As we will seein the implementationof thealgorithm,thereis alsoa
performancereasonfor this choice.

Let @i denotethe contourof the original silhouetteSi , and@V
i the contourof the

reconstructedvisualhull silhouetteSV
i . A measureC of coherencebetweenthesetwo

silhouettescanbe de�ned as the ratio betweenthe lengthof their commoncontours
@V

i \ @i andthetotal lengthof @i :

C(Si ; SV
i ) =

R
(@V

i \ @i )R
@i

2 [0; 1]:
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Fig.4. Reconstructedvisualhull of the teapotsequencewith badextrinsic parameters:total co-
herenceof 39.11%.Left: reconstructedvisual hull by coneintersection.Right: the 6 original
silhouettessuperposedwith theprojectionsof thereconstructedvisualhull.

This measureevaluatesthe coherencebetweenthe silhouetteSi andall the othersil-
houettesSj ;j 6= i that contributedto the reconstructedvisual hull. To computethe total
coherencebetweenall thesilhouettes,we simply computethemeancoherenceof each
silhouettewith then � 1 othersilhouettes:

C(S1; : : : ; Sn ) =
1
n

nX

i =1

C(Si ; SV
i )

To be ableto ef�ciently exploit this coherencemeasurewe need�rst to know its
applicationlimits. As westatedabove,if wehaveperfectsilhouettesandperfectcamera
matrices,thenC(S1; : : : ; Sn ) = 1. This never happensin practice.Let usassumethat
thesilhouettesareperfectlysegmented.We canmaximizethesilhouettecoherenceby
adjustingthe cameraparametersin order to reducemismatchesbetweensilhouettes.
This canbe seenasa kind of bundleadjustmentof the silhouettes.But maximizing
coherencebetweensilhouettesdoesnot mean�nding theright cameraparameters[5].
Thisdependson:

– The object shape. Theworstcasecorrespondsto thespherefor which thereis no
uniquesolution to the problemof silhouettecoherencemaximizationbecauseof
thespheresymmetry. Thus,in general,we cannot guaranteetheuniquenessof the
solution.

– The number of silhouettes. If weuseonly asmallnumberof silhouettes,thenthe
coherencecriterion is lessaccurateandmaybemaximizedfor a largesetof solu-
tions.However, if we take a suf�cient numberof pictures,real objectsareasym-
metric enoughto guaranteea uniquesolution as will be shown in the practical
examples.

– The interdependencebetweenparametersof the camera. Someparameterscan
affect the coherencecriterion in a similar way andthuswe arenot ableto distin-
guishbetweenthemduringthecoherencemaximization.

So the coherencecriterion is not the ultimatecriterion for recovering all the parame-
tersin a global optimization,but it canwork quite well for someparticularscenarios
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Fig.5. Epipolartangency andsilhouettecoherencecriteriafor apairof silhouettes.

wherethe numberof parametersto recover is not very high and silhouettesprovide
enoughinformationto optimizethem.In the caseof a sequenceof cameraswith cir-
cular motion andconstantintrinsic parameters,[21,13] demonstratethe feasibility of
recoveringthemotionusingepipolartangencies.We show below thattheproposedsil-
houettecoherencecriterion is a moregeneralapproachthat includesthe criterion of
epipolartangencies.For agivenpairof views,asshown in Fig.5,theepipolartangency
approachminimizesthe distancebetweenepipolartangentsof oneview (la andlb in
view 1, lc andld in view 2) andthetransformedepipolartangentsof theotherview (l 0

c
andl0

d in view 1, l0
a andl0

b in view 2).Thatis, it minimizesCet = dac0+ dbd0+ dca0+ ddb0.
For thesamepairof silhouettes,thecoherencecriterionwill minimizethelengthof the
contourscca0 anddbd0. Sowe canseethat,exceptfor pathologicalcon�gurations,both
criteria try to minimize the sectorsde�ned by the epipolartangentsin oneview and
their correspondingepipolartangentson theotherview. This implies that if we maxi-
mizeour coherencecriterionon a setof silhouettesby pairs,we getthesamebehavior
as[13], andthuswe areableto recover thecameramotionusingsilhouettecoherence.
Whenusingthe proposedsilhouettecoherence,silhouettesarenot just taken by pairs
but all at thesametime. This makesthat the informationwe exploit is not only on the
epipolartangenciesbut all over the silhouette.Although we have the theoreticalpos-
sibility of recovering someparameters,it is well known that the circular motion is a
critical motion for self-calibration[10]. Thequestionis which parameterscanbe the-
oretically recoveredandif in practicethey affect thecoherencecriterionenoughto be
retrievedby maximization.Recoveringthecameraprincipalpoint (u0; v0) andtransla-
tion vector(tx ; ty ; tz ) undercircularmotionis averydif�cult task.In theprojectionof
a 3D point the translationintroducesin the projectionequationa pixel offset propor-
tional to the focal lengthf andinverselyproportionalto thedistanceof the3D point:
�x (z) = f tx =(z + tz ), �y (z) = f ty =(z + tz ). If, asit is in practice,thedepthvaria-
tionsof the3D objectalongtheapparentcontoursaresmallcomparedto their distance
to the camera,(�x (z); �y (z)) are almostconstantand behave in the sameway as
(u0; v0). Thefocal lengthis a differentcase.Its mainproblemis thatvery largevaria-
tionsof thefocal lengthmayproduceonly smallvariationsof thesilhouettecoherence.
Even with an in�nite focal length(orthographicprojection)high valuesof coherence
may still be obtained.However, focal lengthcanstill be recoveredtogetherwith the
motion by alwaysinitializing it with a lower boundof its expectedvalue.We present
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in sections5 and6 two usefulapplicationsof thesilhouettecoherence:theregistration
of two differentsetsof silhouettesof a sameobjectundercircularmotion (7 parame-
ters:rotation+translation+scale)anda partialcalibrationof a circularmotionsequence
(4 parameters:motion + focal length) that allows in practicethe auto-calibrationof
thesequencein orderto use3D objectreconstructiontechniqueswithout theuseof a
calibrationpattern.

4 CoherenceCriterion Implementation

ThesilhouettecoherencecriterionCbeingde�ned,a�rst implementation,andprobably
thesimplest,wouldbe:1) for agivensetof camerasandsilhouettes,computetherecon-
structed3D visualhull by usingany of themultiple existing techniques,2) projectthe
reconstructedvisualhull into thecameras,3) computethecoherencecriterion.Thisap-
proachhastwo drawbacks:computationtimeandvolumesampling.Theformermaybe
a problemsinceit maytake severalminutesto computea 3D visualhull, andthelatter
becauseconstructinga 3D visualhull usuallyneedsa discrete3D representation,such
asa volumegrid or anoctree.If we wanta highly accuratevisualhull, we needa high
resolution3D modelof thevisualhull, which is computationallyveryexpensive.In ad-
dition, we arenot interestedin a 3D representationin itself but in comparing2D views
of it with the original silhouettes.Therefore,it seemsa wasteof time to completely
reconstructthevisualhull whenonly someviews of it arerequired.Theimaged-based
visualhull (IBVH) technique[20] doesnot computea 3D representationof therecon-
structedvisualhull but only 2D views of it. Thekey ideais asfollows: for any given
camera,a depthmapof thevisualhull is obtainedby a ray-castingapproach.For each
pixel we computetheintersectionbetweenits optic ray andthevisualhull. According
to the de�nition of the visual hull, this is equivalent to (seeFig.2): 1) projectingthe
optic ray into eachsilhouette,2) computingthe 2D intersectionintervals betweenthe
projectedray andeachsilhouette,3) backprojectingall the2D intervalsontotheorig-
inal 3D optic ray, 4) computingtheintersectionon the3D optic ray of all theintervals
of all thesilhouettes.For eachpixel of thedepthmap,wehaveasetof remainingdepth
intervals,possiblyempty, whichrepresenttheintersectionbetweenits optic rayandthe
implicit visualhull.

To computethe 2D intersectionbetweenthe projectedray and a silhouette,two
approachescanbe used:a Bresenham-like intersectiontestor an interval intersection
algorithm.Evenif theBresenhamintersectionis afull integeralgorithm,theimagesare
too big andtheprecisionof theintersectingpoint is too low for it to bea valid choice.
With theapproachof interval intersection,thesilhouettecontoursarecodedasaclosed
sequenceof segments,de�ned by two consecutive pixelsalongthesilhouettecontour.
For agivenprojectedray, wecomputetheintersectionof thehalf line with thesequence
of segments,which givesusthe2D intervalsdirectly. This procedurecanbedonein a
veryef�cient wayasdescribedin [20].

Concerningthe coherencealgorithm,we canapproximatethe contoursof the sil-
houetteby the discretelist of the pixels that de�ne them,the contourlengthsimply
becomingthecardinalof this list. Sowe areinterestedin computingthe image-based
visualhull only on thecontourpixelsof thesilhouette.Furthermore,wedonotneedall
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a) b) c) d)

Fig.6.Syntheticteapotof 10cmboundingsize.(a)First reconstructedvisualhull; selfcoherence
of 100%. (b) Unregisteredsecondreconstructedvisual hull; self coherenceof 100%; mutual
coherenceof 51.71%.(c)Reconstructedvisualhullsafterregistration;mutualcoherenceof 100%.
(d) Resultingreconstructedvisualhull afterregistration.

theintervalsfor everypixel, weonly wantto know if theintersectionof all theintervals
is emptyor not,i.e.,if therayintersectsthereconstructedvisualhull or not.Thepseudo
codeof thecoherencealgorithmC(Si ; SV

i ) betweena silhouetteandits corresponding
reconstructedvisualhull silhouetteis asfollows:

FLOAT Coherence (SILHOUETTE silRef,SILLIST silList)
INTEGER emptyPixels = 0
INTEGER totalPixels = 0
For each PIXEL p in Contours(silRef)

INTERVALS intervals = [0,inf]
VEC3D ray = InverseProjection(silRef,p)
For each SILHOUETTE sil in silList

VEC2D epipole = Projection(sil,CameraOrigin(silRef))
VEC2D direction = Projection(sil,ray)
INTERVALS int2D = Intersect(sil,epipole,direction)
INTERVALS int3D = InverseProjection(sil,int2D)
intervals = Intersect(intervals,int3D)
If intervals = void , then emptyPixels++; break

end
totalPixels++

end
return (totalPixels-emptyPixels)/totalPixels

5 Registration of two Calibrated Sequences

We considerthesilhouettesof two differentrotationsequencesS1 andS2 of thesame
object, eachsequencebeing calibratedindependentlyby a pattern-basedcalibration
method[15]. Wewould liketo registerbothsequencesin orderto reconstructtheobject
usingall theviewsavailable.Thetwo sequencesarerelatedby: arotation(Eulerangles
[� ; � ; 
 ]), a translation([tx ; ty ; tz ]), anda scalingfactors. This makes7 parametersto
optimizev = [� ; � ; 
 ; tx ; ty ; tz ; s]. Themutualcoherencefunctioncanbede�ned as:

C(S1; S2; v) =
1
2

(
1
n

nX

i =1

C(S1
i ; S2; v) +

1
m

mX

j =1

C(S2
j ; S1; v)) :

A non-linearoptimizationalgorithmhasbeenusedto maximizethecoherencefunc-
tion. Gradient,simplex andPowell's methodshave beentested[25]. Powell's method
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a) b) c) d)

Fig.7. Pitcherof 30 cm boundingsize. (a) First reconstructedvisual hull; self coherenceof
98.19%.(b) Unregisteredsecondreconstructedvisualhull; selfcoherenceof 90.99%;mutualco-
herenceof 54.46%.(c) Reconstructedvisualhullsafterregistration;mutualcoherenceof 95.66%.
(d) Resultingreconstructedvisualhull afterregistration.

leadsto betterconvergenceresults.Concerningtheinitialization,thetranslationis sim-
ply initialized by matchingtheboundingbox centersde�ned by thetwo silhouettese-
quences.In practicetheinitial rotationdoesnotneedto beveryaccurateandanexhaus-
tivesamplingof theEulerangleswith agrid stepof 20degreessuf�ces.

We presentheretheresultsfor threedifferentobjects:thedigital teapot,which we
useto evaluatethealgorithm(Fig.6),andtwo realobjects(Fig.7andFig.8).For all the
objectswedisposeof two sequencesof 36views.

The teapotobjectallows us to measurethe theoreticalprecisionof the coherence
criterion.Thecoherenceof eachindependentsequenceis 100%(Fig.6.aandFig.6.b):
segmentationandcameraparametersbeingperfect,theoriginal silhouettesandthere-
constructedvisual hull onesare identical. However, mutual coherenceat the initial
position is much lower: 51.71%(Fig. 6.b). After convergence,the mutualcoherence
is completelymaximized.The algorithmprecisionfor the 3 translationparametersis
about1/1000of the boundingbox size(imagesof 1024x768),for the rotationabout
6/100degreeandfor thescalefactorbetterthan10� 4 (seetable1).

For therealobjects(Fig. 7 andFig. 8), we have usedimagesof 2008x3040pixels
andthesilhouetteshave beenbinarizedby anautomaticcolor-segmentationtechnique.
In thepitchersequencewedisposeof acompletecalibrationof thesystem,obtainedus-
ing thecalibrationtechniquedescribedin [15]. Sincetheobjectdid not move between
the acquisitionof both sequences,we canrecover the transformationbetweenthe se-
quencesandcompareit with theoneobtainedby maximizingthecoherencecriterion.
Weobserve thedifferencebetweentheself coherencesobtainedfor thetwo sequences:
98.19%and90.99%respectively (seeFig. 7.a andFig. 7.b). The lower scoreof the
secondsequenceis dueto theworsequality of its extractedsilhouettes.Despitethese
segmentationerrors,theprecisionobtainedafteroptimizationis rathergood(seetable
1). As we canappreciatein �gure 7.b, the disparityof the reconstructedvisual hulls
makestheuseof otherregistrationmethodssuchastheICP [2] verydif�cult.
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a) b) c) d)

Fig.8. Statuette(a) First sequencevisual hull; self coherenceof 82.63%.(b) Unregisteredsec-
ond sequencevisual hull; self coherenceof 84.47%;mutual coherenceof 41.27%.(c) Visual
hullsafterregistration;mutualcoherenceof 93.67%.(d) Resultingreconstructedvisualhull after
registration.

In the secondexperimentalsequence,the statuettehasbeenmanuallymoved be-
tweenboth acquisitions,so there is no way of �nding out the transformationwith
a classicalcalibrationtechnique.Due to automaticsegmentation,silhouettesare not
perfect.This is re�ected by the low self coherencevaluesof 82.63%and 84.47%
respectively(Fig.8.a,Fig.8.b).

It may seemstrangethat, after convergence,the mutualcoherenceis higher than
theself coherencesin thetwo realexamples.This is simply dueto thefactthatthetwo
measuresdonotcomparethesamesilhouettes.

Oncewehaveregisteredthetwo sequences,wecancomputethevisualhull with the
silhouettesof bothsequences,which improvesthequality of thereconstructedmodels
(seeFig. 6.d,Fig. 7.dandFig. 8.d).

rotation(degrees) translation(mm) scale
Teapot � � 
 tx ty tz s
initial 180.00090.000180.000 8.0000 0.0000 12.00001.20000
real 150.000 0.000180.000 10.0000-10.0000 10.00001.00000
recovered150.063 0.010179.998 9.9986 -10.0010 10.00120.99993
error 0.063 0.010 0.002 0.0014 0.0010 0.00120.00007
Pitcher
initial 103.000 6.000 8.000-10.000 460.000 650.000 1.20000
calibrated 63.776 -4.605 -2.497-36.680 478.329 656.895 1.00000
recovered 63.813 -4.560 -2.487-36.492 478.125 656.915 1.00014
error 0.037 0.045 0.009 0.188 0.204 0.020 0.00014

Table1. Registrationresultsfor theteapotandpitchersequences.
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6 Motion and FocalRecovery fr om a SingleRotation Sequence

In thisscenario,weseekto recover thecircularmotionparametersandthefocal length
of asinglerotationsequence.For asingleaxisrotationsequence(see[11] for adetailed
explanation),themotionparametersarereducedonly to therotationaxisdirection,the
anglesof rotationbetweentwo consecutive views andthecameratranslationdirection
from theaxisorigin. If we supposetheanglestepsknown, we only have 2 parameters
to codetherotationaxis.Thecameratranslationdirectioncanbecodedonly with one
parameter(see[11]).

Thealgorithmhasbeentestedwith thesyntheticteapotsequenceandtherealpitcher
sequence.In the teapotsequencethe rotationaxis directionhasbeenmodi�ed by 30
degrees,thecameratranslationdirectionby 1.4 degreesandthe focal lengthby 33%.
The cameratranslationangleis a very sensitive parameterin the imageformation.A
modi�cation of 1.4degreesgives,already, avery low coherenceof 22.82%,worsethan
the exampleshown in Fig. 4. After optimization,we get a residualerror of 4:8 10� 4

degreeson the translation,0.03degreeson therotationaxis,and71 pixels (< 1%) on
thefocal length(seetable2), but thecoherenceis alreadyperfect.

Therealsequencecorrespondsto the�rst sequenceof thepitcherwith badparame-
ters.Thecoherencebeforeoptimizationis of 62.95%.After optimization,thecoherence
is of 98.43%.Wecanseein table2 theresultsof themotionandfocalestimation.

Teapot rotation translation focal
(degrees) (degrees) (pixels)
� � � f

initial 106.000110.000 1.4 6000
real 86.626 90.576 0.0 9000
recovered 86.611 90.554 4.810� 4 8929
error 0.015 0.022 4.810� 4 71

Pitcher rotation translation focal
(degrees) (degrees) (pixels)
� � � f

initial 90.000 90.000 0.000 2000
calibrated99.671 90.343 0.427 6606
recovered99.774 90.338 0.429 6573
error 0.103 0.005 0.002 33

Table2. Motion andfocal resultsfor theteapotandpitchersequence.

Concerningthenon-recoveredprincipalpoint (u0; v0), its valueis not critical and
choosingtheimagecenterastheprincipalpointseemsto besuf�cient for 3D modeling.
This is dueto thefactthattheerrorin theprincipalpointpositionis compensatedby the
translationvectoroptimization.Theresultingdistortiononthe3D objectreconstruction
dueto this weakcalibrationis indeedvery low whenthe width of the objectremains
smallcomparedto its distancefrom thecamera.

7 Conclusions

Wehavepresentedanew approachto cameraparametersestimationbasedon thesimi-
larity betweenasetof silhouettesandthesilhouettesof theirvisualhull. Thisapproach
hasbeensuccessfullytestedfor differentestimationproblemssuchasindependentse-
quenceregistrationor motionandfocal recovery from a singlerotationsequence.The
high precisionof thecalibrationresultsaredueto theuseof thousandsof pixels in the
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computation,whereasclassicmethodsusea few hundredat most.Its main drawback
is theneedfor anaccuratesegmentationof theobject,which sometimesis not aneasy
task.We will further investigatetherobustnessof this techniquefor morecomplicated
scenarios.
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