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Abstract

We presenta new concepf silhouettecoheenceappliedto a setof silhouettegiener
atedby a 3D object. Theproposedsilhouettecoheenceconcepts usedin the problem
of camen calibration for image-basedD objectmodelingundercircular motion.\W\e

r stdiscusghesilhouettecoheencenotionandde ne a practical criterion to estimate
it. Thiscriterion dependdothonthesilhouettesand on the parametes of thecamens
that generatedthem.Thesegparametes can be optimizedfor the 3D modelingproblem
by maximizingheoverall silhouettecoheence We presentariousexperimentakesults
illustrating the efciency of the proposedsilhouettecoheencecriterion.

Résune

Nousdévelopponge conceptde cohérenced'un ensemblale silhouetteggéréréespar
un objet 3D pour I'appliquer aux problemesde recalage 3D et d'estimationde mou-
vementNousdiscutonsd'abord la notionde cohérencede silhouetteset proposonsin
critere de cohérenceainsi qu'unemaniere efcace dele calculer Ce critere dépendsi-
multarémentessilhouettegtdesparametresdescaneras.Lesparametresdescaneéras
peuvenginsiétre optimisenmaximisanta coherencedessilhouettesNousprésentons
plusieus résultatsexperimentauxqui illustrent I'ef cacit & du critere de cokérencede
silhouettegpropo<s.



Fig. 1. Silhouetteacquisitionandits correspondingeconstructedisual hull (caseof a rotation
sequence).eft: original objectandits correspondingilhouettesRight: reconstructedisualhull
usingthe samesetof silhouettes.

1 Intr oduction

3D image-basedhodelingis becomingmorepopularasrecentechniquegprovide high
guality models.Shapefrom silhouettetechniquesare speciallyinterestingsincethey
provide goodinitial modelsfor further processindn 3D reconstructioralgorithmsand
areef cient enoughfor realtime applications.

Cameracalibrationis a very importantinitial stepfor 3D reconstructionThetech-
nique presentedn this papermalkesuseof the silhouettesn a novel way in orderto
recover the camergparametersindercircularmotion,which is commonlyusedfor 3D
image-basednodeling. Assumingthat the silhouettesare well extracted,we propose
the silhouettecoherenceasa global quality measurdor the calibrationof a subsetof
the camergparameterdy maximizingthe overall silhouettecoherenceThis allows us
to obtainhigh quality 3D reconstructionsvithout the useof ary calibrationpattern.

This paperds organizedasfollows:in section2 we presentherelatedwork. In sec-
tion 3 we de ne anddiscusghesilhouettecoherenceneasureln sectiord we propose
afastimplementatiorof the coherenceriterion.In section5 we presentanapplication
to visualhull registrationandin section6 anapplicationto motionandfocal estimation.

2 RelatedWork

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

A largecollectionof methodgor cameracalibrationexists[10]. They rely oncorre-
spondencebetweerthe sameprimitivesdetectedn differentimagesin the particular
caseof circular motion, the methodsin [11,12] work well whenthe imagescontain
enoughtexture to make a robust detectionof the primitives. Otherwisesilhouettescan
be usedinstead Calibrationbasedn silhouetteds usedfor two mainapplicationsvi-
sualhull 3D registration[27,23,6] andmotionestimation21, 13]. Although[27] does
not explicitly proposethe registrationof two differentsequencesf silhouettesthey



Fig. 2. Computatiorof the3D opticrayintersectiorby backprojectionof thesilhouettentervals.

proposea way of estimatingthe poseof a 3D modelrelative to a setof silhouettesso
silhouetteregistrationcanin factbe achieredby rst reconstructinga 3D modelusing
one of the sequencesollowed by a poseestimationrelative to the secondsequence
of silhouetteslin [23] two differentreconstructionsre obtainedfrom every silhouette
sequenceThen, the two 3D reconstructednodelsare matchedusing tangentplanes
andstability constraints[6] alsostartwith differentreconstructionsThey usethemto
speedup stereomatchingto locate3D points,andwith the 3D pointsthey areableto
register/re neboth visual hulls. In [21,13] motionrecovery is achieved usingthe no-
tion of epipolartangencie$26,24], i.e., pointson the silhouettecontoursthat belong
to an epipolarline tangentto the silhouette Although this methodgives goodresults,
its main drawbackis thatthereis a limited numberof epipolartangencieger pair of
imagesgenerallyonly two, andtheir detectionis very sensitve to noise.

Concerningextureregistration thereexistsa numberof algorithmsthattry to reg-
istera setof texturedviews with a 3D representationf the objectusingsilhouetteg16,
19,22]. Calibrationis accomplishedy minimizing the error betweenthe contoursof
the silhouettesandthe contoursof the projectedobject.In [19,22] the erroris de ned
asthesumof thedistancedbetweeranumberof samplepointson onecontourandtheir
nearespointson the other In [16] a hardware-acceleratedhethodis usedto compute
the similarity betweentwo silhouettesasthe areaof theirintersection.

Finally, visual hull computationis a very active areasinceit is one of the fastest
andmostrobustwaysof obtaininganinitial estimationof a 3D object.It canbeprecise
enoughfor realtime renderingapplicationssuchas[17] or usedasaninitial estimation
for furtherprocessingn 3D reconstructioralgorithmg[9].

In this paperwe de ne a silhouettecoherenceriterioninspiredfrom [16] but the
main differenceis that we do not needa knovn 3D model correspondingdo the real
object. The 3D modelis implicitly reconstructedrom the silhouettesat the sametime
asthe cameracalibrationby a visual hull method[1,4,7,8,14,18,20]. In particular
theuseof thetechniquedescribedn [20] allows all the computationgo bedonein the
imagedomain,which overcomeghe needfor a 3D representatioasin [27,23,6].
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3 A Measure of Silhouette Coherence

It seemghatthe notion of silhouettecoherencénasnot alreadybeendevelopedin the
literature.However, [3] studythe sameproblembut with a differentpoint of view. They
provide the notion of silhouettecompatibilityto stateif a given setof silhouettesof a
sameobjectare possibleor not. They give somerulesto detectif a setof silhouettes
is compatibleor not, but only for the specialcaseof orthographiccamerasand with-
out praviding ameango computetheiramountof incompatibility In the following we
describeacriterionof silhouettecoheencethatallows usto measuredegreeof coher
enceandthusoffers us the possibility of usingoptimizationmethodsto recover some
of thecamergparameters.

Givena setof silhouettesof a same3D objecttaken from differentpointsof view,
and the correspondingset of cameraprojectionmatrices,we would like to measure
the coherencef boththe silhouettesegmentatiorandthe camergprojectionmatrices.
The only information containedin a silhouetteis a classi cationinto two cateyories
of all the optic raysthat go throughthe optic centerof the associatediew: thosethat
intersectheobjectandthosethatdo not,dependingnif thepixel thatde nestheoptic
ray belonggto the silhouetteor not. Let usconsideranoptic ray intersectinghe object.
Its projectioninto ary otherview mustintersecthecorrespondingilhouette Theback
projectionof this intersectiorontothe 3D optic ray de nesoneor several 3D intervals
wherewe know thatthe optic ray intersectghe real objectsuriace(seeFig.2). In the
caseof only two views, thecorrespondingilhouettesill notbecoherentf thereexists
atleastoneoptic ray classi ed asintersectinghe objectby oneof the silhouettesand
whoseprojectiondoesnot intersectthe other silhouette.In the caseof N views, the
lack of coherencés de ned by the existenceof at leastoneoptic ray wherethe depth
intenvalsde nedbytheN 1 othersilhouettehave anemptyintersectionThislack of
coherenceanbe measuredimply by countinghow mary optic raysin eachsilhouette
arenotcoherentvith theothersilhouettesTwo examplesof coherenandnon-coherent
silhouettesn the2D caseareshowvn in Fig.3. Theopticray pencilsthatarenotcoherent
with theothersilhouettesareshavn by anarrow in Fig.3.h

A rst way of computinga coherenceneasurés thefollowing: i) computethere-
constructedvisual hull de ned by the silhouettesiji) projectthe reconstructedisual
hull backinto the camerasandiii) comparethereconstructedisualhull silhouettego
the original ones.In the situationof ideal data,i.e., perfectsegmentationand perfect
projectionmatrices,the reconstructediisual 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 consequencehe original silhouettes
andthereconstructedisual hull silhouetteswill notbethe samethereconstructedi-
sualhull silhouettesbeingalwayscontainedn theoriginal ones.This canbe explained
mathematicallyn thefollowing way:

Let S; bethei™ imagesilhouette P; the correspondingameraprojectionmatrix
andp a2D point. We cande ne theconeC; generatedby thesilhouetteS; asthe setof
linesly, whichveri es

Ci fly=P 'p;p2Saq



a) b)

Fig. 3. 2D examplesof differentsilhouettecoherencesThe reconstructedrisual hulls are the
black polygons.a) Perfectlycoherentilhouetteset.b) Setof 3 silhouetteswith low silhouette
coherencelncoherenbptic ray pencilsareindicatedby thearrows.

Thereconstructedisual hull V de ned by the silhouettesetS;, i = 1;:::;n canbe
written asthefollowing coneintersection:

TheprojectedsilnouetteS) is de ned asthesetof the2D pointspin thei™ image,
whoseoptic ray intersectghereconstructedisual hull:

S’ = fp;P, 'p\ V6 g:

By construction
sY Si;8i

If thesilhouettesandthe projectionmatricesareperfect thenSY = S; 8i.

A rst possiblemeasureof similarity betweenthe two silhouettesS; andSY of
thei™ imagecanbe the ratio of areasbetweenthe two silhouettesBut becausehe
silhouettesreacanbeverylargefor bigimageqwe useimagesof upto 4Kx4K pixels),
for small differencesbetweensilhouettesthe dynamicrangeof this measurewill be
very small and not accurateenoughfor the applicationswe are considering A better
measureusesthe ratio of the silhouettecontourlengthsratherthan the ratio of the
silhouetteareas As we will seein the implementatiorof the algorithm,thereis alsoa
performanceeasorfor this choice.

Let @ denotethe contourof the original silhouetteS;, and @ the contourof the
reconstructedisual hull silhouetteSY . A measureC of coherencédetweernthesetwo
silhouettescan be de ned asthe ratio betweenthe length of their commoncontours
@ \ @andthetotal lengthof @

R \
¢\ @,

gV =
C:(Slas|) @

[0; 1]:



Fig. 4. Reconstructedisual hull of the teapotsequencevith badextrinsic parameterstotal co-
herenceof 39.11%.Left: reconstructedsisual hull by coneintersection.Right: the 6 original
silhouettesuperposedith the projectionsof thereconstructedisual hull.

This measureavaluatesthe coheencebetweenthe silhouetteS; andall the othersil-
houettesS;;j g that contributedto the reconstructedisual hull. To computethe total
coherencdetweerall the silhouettesye simply computethe meancoherencef each
silhouettewith then 1 othersilhouettes:

i v
C(S1;::58n) = o asi;s’)
i=1
To be ableto efciently exploit this coherenceneasurene need rst to know its
applicationlimits. As we statedabove, if we have perfectsilhouettesaindperfectcamera

the silhouettesare perfectly sggmented We canmaximizethe silhouettecoherencdy
adjustingthe cameraparametersn orderto reducemismatchedetweensilhouettes.
This canbe seenasa kind of bundle adjustmentof the silhouettesBut maximizing
coherencdetweersilhouettesdoesnot mean nding the right cameraparameter$s].
Thisdepend®n:

— The object shape Theworstcasecorrespondso the spherefor which thereis no
uniquesolutionto the problemof silhouettecoherencenaximizationbecauseof
thespheresymmetry Thus,in generalwe cannot guaranteghe uniquenessf the
solution.

— The number of silhouettes If we useonly a smallnumberof silhouettesthenthe
coherenceriterionis lessaccurateandmay be maximizedfor a large setof solu-
tions. However, if we take a sufcient numberof pictures,real objectsare asym-
metric enoughto guaranteea unique solutionaswill be shavn in the practical
examples.

— The interdependencebetweenparametersof the camera Someparametersan
affect the coherenceriterionin a similar way andthuswe arenot ableto distin-
guishbetweerthemduringthe coherencenaximization.

Sothe coherenceriterion is not the ultimate criterion for recovering all the parame-
tersin a global optimization,but it canwork quite well for someparticularscenarios



Fig. 5. Epipolartangeng andsilhouettecoherenceriteriafor a pair of silhouettes.

wherethe numberof parameterdo recover is not very high and silhouettesprovide
enoughinformationto optimizethem.In the caseof a sequencef cameraswith cir-
cular motion and constantintrinsic parametersj21, 13] demonstratehe feasibility of
recoveringthe motionusingepipolartangenciesWe shav below thatthe proposedsil-
houettecoherencecriterion is a more generalapproachthat includesthe criterion of
epipolartangenciesk-or agivenpair of views, asshown in Fig.5, the epipolartangeng
approachminimizesthe distancebetweenepipolartangentsf oneview (I, andly in
view 1, | andlq in view 2) andthetransformecepipolartangentsf the otherview (12
andl§ in view 1,19 andI in view 2). Thatis, it minimizesCest = daco+ dpgo+ Aeao+ dape-
For the samepair of silhouettesthecoherenceriterionwill minimizethelengthof the
contoursc.zo anddpge. Sowe canseethat,exceptfor pathologicalcon gurations,both
criteriatry to minimize the sectorsde ned by the epipolartangentsn oneview and
their correspondingpipolartangentson the otherview. This impliesthatif we maxi-
mize our coherenceriterionon a setof silhouettedy pairs,we getthe samebehaior
as[13], andthuswe areableto recoser the cameramotion usingsilhouettecoherence.
Whenusingthe proposedsilhouettecoherencesilhouettesare not just taken by pairs
but all atthe sametime. This makesthatthe informationwe exploit is not only on the
epipolartangenciesut all over the silhouette Although we have the theoreticalpos-
sibility of recovering someparametersit is well known that the circular motionis a
critical motion for self-calibration[10]. The questionis which parameterganbe the-
oreticallyrecoreredandif in practicethey affect the coherenceriterion enoughto be
retrieved by maximization Recweringthe camergorincipal point (ug; Vo) andtransla-
tion vector(tx; ty; t;) undercircularmotionis avery dif cult task.In theprojectionof
a 3D point the translationintroducesin the projectionequationa pixel offset propor
tional to the focal lengthf andinverselyproportionalto the distanceof the 3D point:
X (z) = fty=(z+ t;), y (z) = fty=(z + t,). If, asit is in practice the depthvaria-
tionsof the 3D objectalongthe apparentontoursaresmallcomparedo their distance
to the camera,( x (z); y (2)) arealmostconstantand behae in the sameway as
(uo; Vo). Thefocal lengthis a differentcase Its main problemis thatvery large varia-
tionsof thefocal lengthmay produceonly smallvariationsof the silhouettecoherence.
Evenwith anin nite focal length (orthographicprojection)high valuesof coherence
may still be obtained.However, focal length canstill be recoreredtogetherwith the
motion by alwaysinitializing it with a lower boundof its expectedvalue.We present



in sectionss and6 two usefulapplicationsof the silhouettecoherencetheregistration
of two differentsetsof silhouettesof a sameobjectundercircular motion (7 parame-
ters:rotation+translation+scalenda partial calibrationof a circularmotionsequence
(4 parametersmotion + focal length) that allows in practicethe auto-calibrationof
the sequencén orderto use3D objectreconstructiortechniqueswithout the useof a
calibrationpattern.

4 CoherenceCriterion Implementation

ThesilhouettecoherenceriterionCbeingde ned,a rst implementationandprobably
thesimplestwouldbe: 1) for agivensetof cameragsndsilhouettescomputetherecon-
structed3D visual hull by usingary of the multiple existing techniques) projectthe
reconstructedisualhull into thecameras3) computethe coherenceriterion. This ap-
proachhastwo dravbacks:computatiortime andvolumesampling. Theformermaybe
aproblemsinceit maytake severalminutesto computea 3D visual hull, andthelatter
becauseonstructinga 3D visual hull usuallyneedsa discrete3D representatiorsuch
asavolumegrid or anoctree.lf we wantahighly accuratersisualhull, we needa high
resolution3D modelof thevisualhull, whichis computationallyery expensve. In ad-
dition, we arenotinterestedn a 3D representatiom itself but in comparing2D views
of it with the original silhouettesTherefore,it seemsa wasteof time to completely
reconstructhe visual hull whenonly someviews of it arerequired.Theimaged-based
visualhull (IBVH) techniqug20] doesnot computea 3D representationf therecon-
structedvisual hull but only 2D views of it. The key ideais asfollows: for ary given
cameraadepthmapof thevisualhull is obtainedby a ray-castingapproachFor each
pixel we computetheintersectiorbetweerits optic ray andthe visual hull. According
to the de nition of the visual hull, this is equivalentto (seeFig.2): 1) projectingthe
optic ray into eachsilhouette,2) computingthe 2D intersectionintervals betweerthe
projectedray andeachsilhouette 3) backprojectingall the 2D intervals ontothe orig-
inal 3D optic ray, 4) computingtheintersectioron the 3D optic ray of all theintervals
of all the silhouettesFor eachpixel of thedepthmap,we have a setof remainingdepth
intervals, possiblyempty which representheintersectiorbetweerits optic ray andthe
implicit visualhull.

To computethe 2D intersectionbetweenthe projectedray and a silhouette,two
approachesanbe used:a Bresenham-lik intersectiorntestor aninterval intersection
algorithm.Evenif the Bresenhanintersectioris afull integeralgorithm,theimagesare
too big andthe precisionof theintersectingpointis too low for it to bea valid choice.
With theapproactof interval intersectionthe silhouettecontoursarecodedasa closed
sequencef sggmentsde ned by two consecutie pixels alongthe silhouettecontour
For agivenprojecteday, we computetheintersectiorof the half line with thesequence
of sgmentswhich givesusthe 2D intervals directly. This procedurecanbe donein a
very ef cient way asdescribedn [20].

Concerningthe coherencealgorithm,we canapproximatethe contoursof the sil-
houetteby the discretelist of the pixels that de ne them, the contourlength simply
becomingthe cardinalof this list. Sowe areinterestedn computingthe image-based
visualhull only onthecontourpixelsof the silhouette Furthermorewe do not needall



a) b) c) d)

Fig. 6. Syntheticteapotof 10 cm boundingsize.(a) Firstreconstructedisualhull; selfcoherence
of 100%. (b) Unregisteredsecondreconstructedvisual hull; self coherenceof 100%; mutual
coherencef 51.71%(c) Reconstructedisualhulls afterregistration;mutualcoherencef 100%.
(d) Resultingreconstructedisualhull afterregistration.

theintervalsfor every pixel, we only wantto know if theintersectiorof all theintervals
isemptyor not,i.e.,if therayintersectshereconstructedisualhull or not. Thepseudo
codeof the coherencealgorithmC(S;; S ) betweena silhouetteandits corresponding
reconstructedisualhull silhouettels asfollows:

FLOAT Coherence (SILHOUETTE silRef,SILLIST silList)

INTEGER emptyPixels =0

INTEGER totalPixels =0

For each PIXEL p in Contours(silRef)
INTERVALS intervals = [0,inf]

VEC3Dray = 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 considerthe silhouettesf two differentrotationsequenceS! andS? of the same
object, eachsequenceeing calibratedindependentlyby a pattern-basedalibration
method[15]. We would lik e to registerbothsequencem orderto reconstructheobject
usingall theviews available. Thetwo sequencearerelatedby: arotation(Eulerangles
[ ; 5 D), atranslation([ty;ty;t,]), andascalingfactors. This makes7 parameterso

optimizev = [ ; ; ;tx;ty;tz;s]. Themutualcoherencéunctioncanbede ned as:

1. 2. 1 l>@ 1. 2. 1 X 2. cl. .
C(S ,S ,V): é(ﬁ C(Si,S ,V)+ a C(S,S ,V)).
i=1 j=1

A non-linearoptimizationalgorithmhasbeenusedio maximizethecoherencéunc-
tion. Gradient,simplex and Pawvell's methodshave beentested[25]. Pavell's method
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a) b) c) d)

Fig. 7. Pitcherof 30 cm boundingsize. (a) First reconstructedsisual hull; self coherenceof
98.19%.(b) Unregisteredsecondeconstructedisualhull; self coherencef 90.99%;mutualco-
herencef 54.46%.(c) Reconstructedisualhulls afterregistration;mutualcoherencef 95.66%.
(d) Resultingreconstructedisualhull afterregistration.

leadsto bettercorvergenceresults.Concerningheinitialization, thetranslations sim-
ply initialized by matchingthe boundingbox centersde ned by the two silhouettese-
quencesln practicetheinitial rotationdoesnotneedto beveryaccurateandanexhaus-
tive samplingof the Eulerangleswith a grid stepof 20 degreessufces.

We presenterethe resultsfor threedifferentobjects:the digital teapot,which we
useto evaluatethe algorithm(Fig.6),andtwo real objects(Fig.7 andFig.8). For all the
objectswe disposeof two sequencesf 36 views.

The teapotobjectallows us to measurehe theoreticalprecisionof the coherence
criterion. The coherencef eachindependensequencés 100% (Fig.6.aandFig.6.b):
sggmentatiorandcamergparameterbeingperfect,the original silhouettesandthe re-
constructedvisual hull onesare identical. However, mutual coherenceat the initial
positionis muchlower: 51.71%(Fig. 6.b). After corvergence the mutual coherence
is completelymaximized.The algorithmprecisionfor the 3 translationparameterss
about1/10000f the boundingbox size (imagesof 1024x768).for the rotation about
6/100degreeandfor thescalefactorbetterthan10 # (seetablel).

For thereal objects(Fig. 7 andFig. 8), we have usedimagesof 2008x3040pixels
andthesilhouetteshave beenbinarizedby anautomaticcolor-seggmentatiortechnique.
In the pitchersequenceve disposeof acompletecalibrationof the systempbtainedus-
ing the calibrationtechniquedescribedn [15]. Sincethe objectdid not move between
the acquisitionof both sequencesye canrecover the transformatiorbetweenthe se-
quencesandcomparet with the oneobtainedby maximizingthe coherenceriterion.
We obsere thedifferencebetweerthe self coherencesbtainedfor thetwo sequences:
98.19%and 90.99%r respectiely (seeFig. 7.aandFig. 7.b). The lower scoreof the
secondsequencés dueto the worsequality of its extractedsilhouettesDespitethese
sementatiorerrors,the precisionobtainedafter optimizationis rathergood(seetable
1). As we canappreciatén gure 7.b, the disparity of the reconstructediisual hulls
makesthe useof otherregistrationmethodssuchasthe ICP [2] very dif cult.
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a) b) c) d)

Fig. 8. Statuettg(a) First sequencerisual hull; self coherencef 82.63%.(b) Unregisteredsec-
ond sequencevisual hull; self coherenceof 84.47%;mutual coherenceof 41.27%.(c) Visual
hulls afterregistration;mutualcoherencef 93.67%.(d) Resultingreconstructedisual hull after
registration.

In the secondexperimentalsequencethe statuettehasbeenmanuallymoved be-
tween both acquisitions,so thereis 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%
respectiely(Fig.8.a,Fig.8.b).

It may seemstrangethat, after convergence,the mutual coherences higherthan
theself coherenced thetwo realexamples.Thisis simply dueto the factthatthetwo
measureslo notcomparehe samesilhouettes.

Oncewe have registeredhetwo sequencesye cancomputethevisualhull with the
silhouettef both sequencesyhich improvesthe quality of the reconstructednodels
(seeFig. 6.d,Fig. 7.dandFig. 8.d).

rotation(degrees) translation(mm) scale
Teapot tx ty tz S
initial 180.00090.000180000| 8.000¢ 0.000Q 12.00001.2000(
real 150.000 0.000180000 10.0000-10.0000 10.00001.0000(
recovered150.063 0.010179998 9.9986-10.0010 10.00120.99993
error 0.063 0.01 0.002 0.0014 0.001Q 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

Table 1. Registrationresultsfor theteapotandpitchersequences.
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6 Motion and Focal Recovery from a Single Rotation Sequence

In this scenariowe seekto recover the circularmotion parameterandthefocal length
of asinglerotationsequencd-or asingleaxisrotationsequencésee[11] for adetailed
explanation) the motion parameterarereducednly to therotationaxisdirection,the
anglesof rotationbetweerntwo consecutie views andthe camerdranslationdirection
from the axisorigin. If we supposehe anglestepsknown, we only have 2 parameters
to codetherotationaxis. The cameraranslationdirectioncanbe codedonly with one
parametefsee[11]).

Thealgorithmhasbheentestedwith thesynthetideapotsequencandtherealpitcher
sequenceln the teapotsequencehe rotationaxis directionhasbeenmodi ed by 30
degreesthe cameratranslationdirectionby 1.4 degreesandthe focal lengthby 33%.
The cameratranslationangleis a very sensitve parametein the imageformation.A
modi cation of 1.4degreeggives,alreadyaverylow coherencef 22.82% worsethan
the exampleshawn in Fig. 4. After optimization,we geta residualerror of 4:8 10 4
degreeson the translation,0.03degreeson the rotationaxis,and 71 pixels (< 1%) on
thefocal length(seetable?2), but the coherencés alreadyperfect.

Therealsequenceorrespondso the rst sequencef the pitcherwith badparame-
ters.Thecoherencéeforeoptimizationis of 62.95% After optimization thecoherence
is of 98.43%.We canseein table?2 theresultsof the motionandfocal estimation.

Teapot rotation translation focal ||Pitcher rotation |translation focal
(degrees) | (degrees)|(pixels) (degrees) | (degrees)|(pixels)
f f
initial 106.000110.000 1.4 6000 ||initial 90.000/90.000 0.000 | 2000
real 86.626 90.576 0.0 9000 ||calibrate@99.671/90.343 0.427 | 6606
recovered 86.611 90.554 4.810 | 8929 ||recarered99.774/90.338 0.429 | 6573
error 0.0194 0.022 4.810 *| 71 ||error 0.103 0.005 0.002 33

Table 2. Motion andfocal resultsfor theteapotandpitchersequence.

Concerninghe non-receeredprincipal point (ug; Vo), its valueis not critical and
choosingheimagecenterastheprincipalpointseemso besufcient for 3D modeling.
Thisis dueto thefactthattheerrorin theprincipalpoint positionis compensatetly the
translationvectoroptimization.Theresultingdistortionon the 3D objectreconstruction
dueto this weak calibrationis indeedvery low whenthe width of the objectremains
smallcomparedo its distancerom thecamera.

7 Conclusions

We have presente new approacho camergparametergstimatiorbasecbn the simi-
larity betweera setof silhouettesandthe silhouettef their visualhull. Thisapproach
hasbeensuccessfullytestedfor differentestimationproblemssuchasindependense-
quenceregistrationor motionandfocal recovery from a singlerotationsequenceThe
high precisionof the calibrationresultsaredueto the useof thousand®f pixelsin the
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computationwhereasclassicmethodsusea few hundredat most.Its main dravback
is the needfor anaccuratesggmentatiorof the object,which sometimess notaneasy
task.We will furtherinvestigatethe robustnes®f this techniquefor morecomplicated
scenarios.
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