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Abstract

In this paperwepresentan automaticmethodfor calibrat-
ing a networkof camerasfromonlysilhouettes.Thisis par-
ticularly usefulfor shape-from-silhouetteor visual-hullsys-
tems,asno additionaldata is neededfor calibration. The
key novel contribution of this work is an algorithm to ro-
bustlycomputetheepipolargeometryfromdynamicsilhou-
ettes. We usethe fundamentalmatricescomputedby this
methodto determinethe projective reconstructionof the
completecamera con�guration. This is re�ned into a met-
ric reconstructionusingself-calibration. We validateour
approach by calibrating a four camera visual-hull system
fromarchivedatawherethedynamicobjectisa movingper-
son.Oncethecalibrationparametershavebeencomputed,
we usea visual-hull algorithm to reconstructthe dynamic
objectfromits silhouettes.

1 Intr oduction

Shape-from-Silhouetteinitially proposedby [3], has re-
cently received a lot of attentionand various algorithms
for recovering the shapeof objectshave beenproposed
[5, 8, 15, 10, 20]. Many Shape-from-Silhouettemethods
attemptto computethevisualhull [11] of anobject,which
is themaximalshapethatproducesthesamesetof silhou-
ettesseenfrom multiple views. For a fully calibratedcam-
era, the rays throughthe cameracenterandpointson the
silhouettede�ne a viewing cone[17]. Intersectingviewing
conesbackprojectedfrom silhouettesin multipleviewspro-
ducesthe visual hull of the object. Shape-from-Silhouette
implementationsarerelatively simpleandreal-timemodel
acquisitiontechniquesexist [5, 15]. However with a few
cameras,thevisualhull canonly coarselyapproximatethe
shapeof therealobject.For moreaccurateshapeestimates,
moresilhouettesimagesareneeded.Thiscouldbeachieved
by increasingthe numberof camerasor by trying to align
visual hulls over time, when the sceneexhibits rigid mo-
tion [8]. Sandet al. [20] usesilhouettesto estimateshape
of dynamicobjectsandis ableto getgoodestimatesby as-
sumingaparameterizedmodelof human�gures.

Most multi-cameraShape-from-Silhouettesystemsas-

Figure1: Multi-view UncalibratedVideoSequence

sumethat thecalibrationandposeof thecamerashasbeen
precomputedof�ine via a speci�c calibration procedure.
Typically, thecalibrationdatais obtainedby moving a pla-
narpattern[26] or aLED in the�eld of view of thecameras.
Thishasthesigni�cant disadvantagethatphysicalaccessto
theobservedspaceis necessaryandit precludesrecon�gu-
rationof camerasduringoperation(at leastwithout insert-
ing anadditionalcalibrationsession).Someapproachesfor
structure-from-motionfor silhouetteshave beenproposed,
but mostof thesehave limitationsrenderingthemimpracti-
cal for arbitraryunknown cameracon�gurations,whichwe
call a camera network. Theselimitations include: requir-
ing theobservedobjectto bestatic[7], requiringa speci�c
cameracon�guration (i.e. at leastpartially circular) [23],
usinganorthographicprojectionmodel[22], andrequiring
agoodinitialization [24].

In this paperwe addressthe problemof calibratinga
cameranetwork andconstructingthe visual hull from the
videosequencesof a dynamicobjectusingonly silhouette
information.Ourapproachis basedonanovel algorithmto
robustlycomputetheepipolargeometryfrom two silhouette
sequences.This algorithmis basedon theconstraintsaris-
ing from thecorrespondenceof frontierpointsandepipolar
tangents[23, 19, 1, 2]. Thesearepointson anobjects'sur-
facewhich projectto pointson thesilhouettein two views.
Epipolarlines which passthroughthe imagesof a frontier
point must correspond.Suchepipolar lines are also tan-
gentto the respective silhouettesat thesepoints. Previous
work usedthoseconstraintsto re�ne an existing epipolar
geometry[19, 1, 2]. Herewetakeadvantageof thefactthat
a cameranetwork observinga dynamicobjectwill record
many differentsilhouettes,yielding a largenumberof con-



straintsthatneedto besatis�ed. We devisea RANSAC [4]
basedapproachto extractsuchmatchingepipolartangents
in the videosequence.The epipolepositionsarehypothe-
sized,anepipolarlinehomographyiscomputedandveri�ed
ateveryRANSAC iteration.Randomsamplingis usedboth
for exploring the4D spaceof possibleepipolepositionsas
well asdealingwith outliersin thesilhouettedata. A sub-
sequentnon-linearminimizationstagecomputesamoreac-
curateestimateof theepipolargeometryandalsoprovides
matchingfrontierpointsin thevideo-sequence.Thesepoint
matchesareusedlater in a bundleadjustmentto improve
calibration. Oncesomeof the fundamentalmatricesare
known, a projective reconstructionof the � Camerascan
be recovered. This is �rst re�ned usinga projective bun-
dle adjustment. Next, using self-calibrationmethodsand
a Euclideanbundleadjustment,we areable to computea
setof optimalEuclideancameras.Finally, themetricvisual
hull of theobserveddynamicobjectis reconstructedfor the
sequence.Otherreconstructionapproachessuchasmulti-
baselinestereoor voxel coloring, could alsobe usedwith
thecomputedcalibration.

As our calibrationapproachrelieson silhouettes,it de-
pendson a robustbackgroundsegmentationapproach.Our
RANSAC algorithm,however, allows a reasonableratio of
badsilhouettes.It is alsoimportantthat the frontier points
coverasuf�cient partof theimageanddepthrangeto yield
satisfactoryresults. This requiressuf�cient motion of the
observed object over the spaceobserved by the cameras.
Advantagesof our methodarethat it doesnot rely on fea-
turematchingandwide-baselinesbetweencamerapairsare
handledwell. Our approachis particularlywell suitedfor
systemsthatrely onsilhouetteextractionfor reconstruction,
asin this caseno additionaldataneedsto be extractedfor
calibration.Wecannotdirectlycomputetheepipolargeom-
etry of cameracon�gurationswherethe epipoleis located
within the convex hull of the silhouette,but we canoften
handlethis caseastheprojective reconstructionstageonly
requiresa subsetof thefundamentalmatrices.Theremain-
derof this paperis organizedasfollows. Section2 presents
thebackgroundtheoryandterminology. Thedetailsof our
algorithmarepresentedin Section3. Section4 shows our
resultson a real datasetandwe �nally concludewith dis-
cussionsin Section5.

2 Background and notation

The signifanceof epipolar tangenciesand frontier points
hasbeenextensively studiedin computervision[19, 17, 23,
13]. Frontierpointsarepointsontheobject'ssurfacewhich
projectto pointson thesilhouettesin two views. In Fig. 2,

�

and � arefrontier pointswhich projectto pointson the
silhouettes��� and �	� respectively. They bothlie on thein-
tersectionof theapparentcontours,
�� and 
�� which give





�

�

�

��

� �

��

�

�

��

��

��

��

�

�

��

��

�

�

��

� �

��

�

�

� 

 !

!"

"

#

#$

$

%

%&

&

'

'(

(

e12
21e

1 2l l
view 1

P

C

C2

1

X

Y
view 2

S S1 2

Figure2: Thefrontier pointsandepipolartangentsfor two
views.

riseto thesetwo silhouettes.Theprojectionof ) , theepipo-
lar planetangentto

�

givesriseto correspondingepipolar
lines *

� and *
� which are tangentto �

� and �
� at the im-

agesof
�

in the two imagesrespectively. No otherpoint
on �

� and �
� other than the projectedfrontier points,

�

and � areguaranteedto correspond.Unfortunately, frontier
pointconstraintsdonot,in generalexist overmorethantwo
views. In a three-view casegenerally, thefrontier pointsin
the �rst andsecondview do not correspondto thosein the
secondandthird view. As we show later, this hasimpor-
tant implicationsfor the recovery of theprojective camera
network con�guration.For acomplicatednon-convex poly-
topeobjectsuchasahuman�gure, therecouldbemany po-
tentialfrontierpoints.However it is hardto �nd all of them
in uncalibratedsequencessincethepositionof theepipoles
areunknown [19] a priori. In [23] Wonget.al searchesfor
outer-mostepipolartangentsfor circular motion. In their
case,the existenceof �x ed entitiesin the imagessuchas
thehorizonandthe imageof the rotationaxissimplify the
searchfor epipoles.We alsolook for thetwo outerepipolar
tangentsandmakethekey observationthattheimageof the
frontier pointscorrespondingto theseouter-mostepipolar
tangentsmustlie on theconvex hull of thesilhouette.We
applyaRANSAC-basedapproachto searchfor theepipoles
andcomputetheepipolarline homographywhich satis�es
theepipolargeometryaswell asretrieve thecorresponding
frontierpointsin thewholeseqeunce.

We shall denotethe FundamentalMatrix betweenview
+

and view , by -/.10 (transferspoints in view
+

to epipo-
lar lines in view , ) and the epipole in view , of camera
center

+

as 2
.10 . The pencil of epipolarlines in eachview

centeredon the epipoles,is consideredasa 354 projective
space[9] [Ch.8 p.227]. Theepipolarline homographybe-
tweentwo such 354 projectivespacesis a 674 homography.
Knowing thepositionof theepipoles2

.10 , 2
08. ( 6:9<;7= each)

andthe epipolarline homography( >?9<;7= ) �x es -@.10 which
has AB9C;7= . Threepairsof correspondingepipolarlinesare



Figure3: TheCalibrationProcedure.

suf�cient to determinetheepipolarline homographyDFEHG

.10

sothat it uniquelydeterminesthe transferof epipolarlines
(notethat DIEHG

.J0

is only determinedup to 3 remainingde-
greesof freedom,but thosedo not affect the transferof
epipolarlines). The fundamentalmatrix is then given by

-�.10�KML 2N.10PORQHDS.J0 .
The metric cameranetwork con�guration of a system

with � camerasis describedby a set of Euclideancam-
eraprojectionmatricesTVU

.

KXWY.8L ZB[

.F\

ZB[

.�]

.^O`_

+

Ka3Cbcb5b �

whereWd. representthecameraintrinsics,ZB. and
]

. describe
the rotationandtranslationof thecameracenterof the

+

th
cameraw.r.t theworld coordinateframe.Thesetof projec-
tive cameramatriceswill be denotedby T

.
_

+

Ke3fb5bcb � .
Thosecameramatricesarerelatedby a projective transfor-
mation gih

U

sothat T
.

Kjgih

U

T:U

.

_

+

Kk3fb5bcb � .

3. Our approach
Fig. 3 describesthestepby stepprocedurewe follow. We
have � �x ed camerasplacedaroundan object. The in-
put to thesystemis � synchronizedvideosequencesof l

frameseach.We denotethesetof silhouettesin the , th set
of framesby �

.

0

;
+

Km3Cbcb5b � . Our goal is to computethe
EuclideancameraprojectionmatricesT?U

.

correspondingto
thecameranetwork con�guration.

3.1 SilhouetteTangentEnvelopes

For every frame in eachsequence,a binary segmentation
of theobjectis computedusingbackgroundsegmentation.
Noisy patchesarecleanedup usinga hole-�lling algorithm
that usesan areathresholdin pixels to distinguishnoisy
blobsfrom theobject'ssilhouetteblob. Insteadof explicitly
storingevery silhouette� , we directly computeandstore
its tangentenvelopeg?no�qp , which is a morecompactrepre-
sentation.The tangentenvelopeof � , (seeFig. 4(a)) con-
sistsof its convex hull 
BDrno�qp , storedas an orderedlist
of s vertices( t

�
bcb5bRtfu in counter-clockwiseorder(CCW))

anda table of directedtangentsparameterizedby the an-
gle vFKxwCy/b5bcb8>Czfw<y , wherefor every tangent

]

. we store
{

. , thepoint of tangency on theconvex hull 
BDFno�|p . A 37y

samplinginterval is chosenfor thetangenttables.Thetan-
gentorientationde�nesaconsistentdirectionof thetangent
with respectto 
BDFno�|p suchthat thereis only onetangent

Figure4: (a) The TangentEnvelopeT(S) for silhouetteS
(only 1 in 6 tangentsis shown for clarity). We samplefor
the epipolesin this tangentspaceparameterizedby v . (b)
ComputingtheSilhouetteConvex Hull CH(S)

]R}

in a direction 9

}

andnot two. This simpli�es tangency
computationslateron.

To computetheTangentEnvelopeg~no�|p for a silhouette
� , we �rst constructits convex hull 
BDrn•�|p using Melk-
man's €Sn‚•ƒp on-line convex hull algorithm[16]. This re-
quiresa simple path traversingall points in the point-set,
which canbe computedin €Sn‚•	*‚;N„…•ƒp time. In our case,a
top-down scanof theboundingboxof � implicitly givesus
2 simplepathsin €Sn^•ƒp time,a left extremeboundary†�n•�|p

anda right extremeboundaryZ‡n•�|p of � (seeFig. 4(b)). In
a singlepass,we obtainorderedlists of verticesfor theleft
hull †qDrn•�|p , in CCW orderandright hull ZˆDFno�|p in CW
order. A union of †qDrn•�|p and ZBDrno�qp produces
BDFno�|p

which is storedin CCWorder. If thesilhouettesareclipped
at imageboundaries,we storethe convex hull asa single



orderedlist insteadof multipleconnectedsegments.We in-
troducenew verticeswherethesilhouettesareclippedand
store�ags to indicatethesegmentswhich lie insidetheim-
ages. The next stepis computingthe tangency points {

}

for v‰Kaw y bcb5b8>fzCw y . We startby determining{‹Š andthen
rotatethe tangent

] }

(incrementingv ) allowing it to switch
to thenext point in 
BDrn•�|p whenrequired.This steptakes

€Sn^vCp time. g?no�qp is an extremelycompactrepresentation
andallows usto computetangentsto 
BDrno�qp from any ex-
ternalpoint in €Sn‚*o;N„<vCp time. 
BDFno�|p typically had25-35
verticesfor the imageresolutionof our datasets.A single
framerequiredonly about500bytesof storage.Therefore
thetangenttablesfor severalminutesof multi-cameravideo
would easily�t into memory. This would allow us to ef�-
cientlyaccessthousandsof videoframeswithoutany mem-
ory bottlenecks.Ef�cient tangentcomputationis key to the
feasibilityof ouralgorithmasweseein 3.2.2.Computinga
pencilof tangentsto asequenceof silhouettesis furtherop-
timized by using temporalcoherencebetweensilhouettes.

3.2. Computing the Epipolar Geometry
Givennon-trivial silhouetteshapes,we cannotcomputethe
epipolargeometrylinearly from correspondingsilhouettes
becausethelocationof thefrontierpointsdependonthepo-
sition of theepipoles.Givenanapproximatesolution,it is
possibleto re�ne it usinganoptimizationapproach[19, 1].
Sincewe recovercalibrationof arbitrarycameracon�gura-
tionsusingonly silhouettes,an initial solutionis not avail-
able to us. Therefore,we needto explore the full space
of possiblesolutions. While a fundamentalmatrix has7

9C;7= 's,we only have to randomlysamplein a 4D spacebe-
causeoncethepositionof theepipolesareknown, thefron-
tier pointscanbedetermined,andfrom themtheremaining
degreesof freedomof the epipolargeometrycanbe com-
puted.HereweproposeaRANSAC-basedapproachthatin
a singlestep,allows us to ef�ciently explorethis 4D space
aswell asrobustlydealwith incorrectsilhouettes.

In Section2 we discussthe parameterizationof -@.J0 in
termsof theepipolepositions2Œ.J0 , 2P08. andthehomography

D‡.10 . The basicstepof our algorithmmakesa hypothesis
on thepositionof 2Œ.J0 and 2c08. in thetwo views. This �x es •

9C;7=HŽ•• andleavesuswith >B9C;7=‘Ž•• which canbedetermined
if we have a solution for D’.10 . To computeDS.10 we need
to pick threepairsof correspondinglines in the two views

n‚*

u

.”“

*

u

0

_•s‰Ka3fb5bcb >Cp . Every D
.J0 satisfyingthesystemof

equationsL *

u

0

ORQHD–E‘G

.J0

*

u

.

KXw—_˜s™Ka3Cbcbcb > is a valid solution.
Notethattheseequationsarelinearin D

EHG

.10

.

3.2.1 Epipole Hypothesisand Computing H

At everyiteration,werandomlychoosethe š th framesfrom
eachof thetwo sequences.As shown in Fig. 5(a),we then,

Figure5: (a)The4D hypothesisof theepipoles(not in pic-
ture).(b) Completecollectionof frontierpointsfor onespe-
ci�c epipolehypothesisandonepairof transferredepipolar
lines *‚� , *›� (with largeresidualtransfererror).

randomlysampleindependentdirections*

�

�

from g~no�@œ

�

p and
*

�

�

from g?n•�@œ

�

p for the�rst pairof tangentsin thetwo views.
We choosea secondpair of directions *

�

�

from g~no�@œ

�

p and
*

�

�

from g~no�
œ

�

p suchthat *

�

.

K•*

�

.
\rž

for
+

KŸ3C •6 where
ž

is drawn from thenormaldistribution, �rnR35¡Cw— 8¢	p

1. Thein-
tersectionsof thetwo pair of tangentsproducestheepipole
hypothesis( 27�R� , 2£�¤� ). An alternative approachconsistsof
samplingbothepipoledirectionsrandomlyonasphere[13],
which in theuncalibratedcaseis equivalentto randomsam-
plingonanellipsoidandyieldscomparableresults.Wenext
randomlypick anotherpair of frames ¥ , and computeei-
ther the �rst pair of tangentsor thesecondpair. Let usde-
notethis third pair of linesby *•¦

�

tangentto 
BDrn•�|§

�

p and *‚¦

�

tangentto 
BDFno�q§

�

p (seeFig. 5(a)). D
.J0 is computedfrom

n‚*

u

.S“

*

u

0

_•sYKM3fb5bcb ><p

2. Theentities( 2
.10 ,2

08. ,D
.10 ) form the

modelhypothesisfor every iterationof our algorithm.

1In casesilhouettesareclippedin this frame,thesecondpair of direc-
tionscouldbechosenfrom anotherframe.

2For simplicity we assumethat the �rst epipolar tangentpair corre-
spondsaswell as the secondpair of tangents.This limitations could be
easilyremovedby verifying bothhypothesesfor every randomsample.



3.2.2 Model Veri�cation

Oncea model for the epipolargeometryis available, we
verify its accuracy. We do this by computingtangentsfrom
thehypothesizedepipolesto thewholesequenceof silhou-
ettesin eachof the two views. For unclippedsilhouettes
we obtaintwo tangentsper framewhereasfor clippedsil-
houettes,theremay be oneor even zero tangents.Every
tangentin thepencilof the�rst view is transferredthrough

D–EHG

.10

to the secondview (seeFig. 5(b)) andthe reprojec-
tion errorof thetransferredline from thepoint of tangency
in thatparticularframeis computed.We counttheoutliers
that exceeda reprojectionerror threshold(we choosethis
to be5 pixels)andthrow away our hypothesisif theoutlier
countexceedsa certainfractionof thetotal expectedinlier
count. This allows us to abort early whenever the model
hypothesisis completelyinaccurate(an approachinspired
by [6]). Thustangentsto all thesilhouettes�

0

.

, j ¨©3Bbcbcbfl

in view
+

,
+

Kx3f ˜6 would be computedonly for a promis-
ing hypothesis.For all suchpromisinghypothesesaninlier
countis maintainedusinga lowerthreshold(wechoosethis
to be1.5pixels).

After a solution with a suf�ciently high inlier fraction
has beenfound, or a presetmaximum numberof itera-
tions hasbeenexhausted,we selectthe solution with the
mostinliers andimproveour estimateof F for this hypoth-
esisthroughan iterative processof non-linearLevenberg-
Marcquardtminimizationwhile continuingto searchfor ad-
ditional inliers. Thus,ateveryiterationof theminimization,
we recomputethe pencil of tangentsfor the whole silhou-
ettessequence�

0

.

, j ¨’3ªbcb5b‘l in view
+

,
+

K«3f ˜6 until
the inlier countconverges.Thecostfunctionminimizedis
thesymmetricepipolardistancemeasurein bothimages.At
thisstagewealsorecoverthefrontierpointcorrespondences
(thepointsof tangency) for thefull sequenceof silhouettes
in thetwo views.

3.3. Computing Projective Cameras
Typical approachesfor computingprojective structureand
motion recovery require correspondencesover at least 3
views. However, it is alsopossibleto computethembased
on two-view correspondences.Levi andWerman[14] have
recentlydescribedhow this couldbeachievedgivena sub-
setof all possiblefundamentalmatricesbetween� views.
They weremainly concernedwith theoreticalanalysisand
their proposedalgorithmis not suitedfor practicalimple-
mentationin thepresenceof noise.Herewebrie�y describe
our approachwhich providesa projective reconstructionof
thecameranetwork.

The basicbuilding block that we �rst resolve is a set
of 3 cameraswith non-collinearcentersfor which the 3
fundamentalmatrices -|�¬�f 8-@�

¦

 8-/�

¦

have beencomputed
(Fig. 6(a),(b)). Given those,we uselinear methodsto �nd

a consistentsetof projective camerasT|� , T/� and T

¦

(see
Eq.1)[9], choosingT|� and T/� asfollows:

T­��KkL ®°¯ wŒO T���KML±L 2£�˜�˜O¬Q‘-­�R�<¯ 2£�˜�˜O

T

¦

KML±L 2

¦

�˜O¬QH-@�

¦

¯ wŒO…²F2

¦

�¤t<[ (1)

T

¦

is determineduptoanunknown 4-vector t (Eq.1). Ex-
pressing- �

¦

asa functionof T � and T

¦

weobtain:

-:�

¦

KML±L 2

¦

�PO¬Q‘T

¦

T:³

�

(2)

which is linear in t , suchthat all possiblesolutionsfor
-��

¦

spana 4D subspaceof TV´ [14]. We solve for t which
yields -:�

¦

, the closestappromixationto -­�

¦

in the sub-
space.T

¦

is obtainedfrom thevalueof t from Eq. 1. The
resultingT �  8T �  •T

¦

arefully consistentwith - �¬�  8- �

¦

  - �

¦

.
Using the cameratriplet asa building block, we could

handleour � -view cameranetwork usingtwo differentin-
ductionsteps.The�rst inductionstepis asfollows. Given
a consistentset of camerasfor the n•s

\

3Np -view camera
network µ

u

E

� and the F matrices, -	¶
u , -

§

u and -	¶

§

for
{

 •¥ˆ¨�µ
u

E

� and s , a new view, we canbuild µ
u usingthe

samelinearalgorithmusedto resolve the3-view case.We
show this inductionstepin Fig. 6(c). An estimateof -�¶

§

is
availableif theepipolargeometryof view { andview ¥ was
computedin the �rst phaseof our algorithm. Otherwise,
wecouldderive -	¶

§

sinceconsistentprojectivecamerasfor
µVu

E

� are alreadyknown. The secondinduction step(as
shown in Fig. 6(d)) is appliedwhen independentsetsof
camerasfor cameranetworks, µ

¶ and µ

§

, which have the
view s in commonare available. Considerthe triplet of
views {

 8¥… ˜s , {

¨�µ
¶ and ¥B¨�µ

§

. Basedon Eq. 1, cameras
T/u and T

§

canbechosenas,

T
u

KkL ®H¯ w7O T

§

KkL·L 2

§

u
O¬Q‘-

u

§

¯ 2

§

u
O

and -
¶

§

canbeestimatedsimilar to -
�

¦

andthis uniquely
connectsµ

¶ and µ

§

. -
¶

u and -

§

u could be derived indi-
rectly if they arenot alreadyavailablefrom thecalibration
procedure.This methodworkswith � camerasin general
positionif onecanrobustlycomputetheepipolargeometry
for at least n•67�

\

>Cp -view pairs. We usethe view triplet
asthe fundamentalbuilding block sincethe � -view cam-
eranetwork wesolve for, canalwaysbedecomposedinto a
singletrianglestrip. A singletrianglestrip with � vertices
musthave 6f�

\

> edgesby Euler's relation.Usingthisap-
proach,moregeneralgraphsof fundamentalmatricescan
alsoeasily be dealtwith. For a detaileddiscussionof all
solvablecasesthereaderis referredto [14].

3.4. Computing Metric Cameras
In this sectionwe brie�y describehow the projective cali-
brationobtainedby themethoddescribedin 3.3canbeup-
gradedto a metriccalibration.First,we usethelinearself-
calibrationalgorithm [18], to estimatethe transformation



Figure 6: (a) Three non-degenerateviews for which we
estimateall F matrices. (b) The three-view case. -

�

¦

is the closestapproximationof -­�

¦

we compute. (c)&(d)
Theinductionstepsusedto resolve largergraphsusingour
method.

g�h

U

, for eachof the projective cameras.Both the camera
matricesandthe frontier pointsaretransformedusing gˆh

Uandtheseareusedto initialize theEuclideanbundleadjust-
ment[21]. At this stagewe couldextendourcameramodel
to includeradialdistortion.TheEuclideanbundleproduces
the�nal calibrationof thefull cameranetwork.

4. Experimental Results
We applied our techniquesto an archived 4-view video
footagethat was4 mins. long, capturedat 30 fps andwas
synchronizedwithin a frame[20]. Fig. 1 shows four corre-
spondingframeseachfrom a differentcamera.Thesubject
is moving within the overlappingview frustumof these4
views. Occasionallythe subjects's silhouetteis clippedin
someof theviews. All backgroundimageswereavailable.

We selecteda set of keyframesfrom the long 30 fps
videosequencesto reduceredundancy in ourdatasets.This
is preferablebecausein a typical videosequence,thefron-
tier pointsandtheepipolartangentsremainstaticover long
subsequences.Often the motion is periodic and examin-
ing a longer sequencedoesnot necessarilyprovide more
information. To deal with this issue,we selectedframes
thatyieldednew informationfor a limited setof epipolehy-
potheses(we usedthe4 imagecornersin our implementa-
tion). Fromthesehypotheticalepipoles,apencilof tangents
arecomputedto the convex hull of all the silhouettesfor
eachpair of sequences.Eachof thesetangentsareinserted
into a high-resolutionangularbin of size0.2degreeseach.
We computea minimal subsetof framesthatcoverstheset
of angularbins in the valid rangeof angles.We endedup

with upto700outof 7500framesfrom our sequences.

Figure7: (a) Recoveredcameracon�guration andvisual-
hull reconstructionof person. (b) The visual hull repro-
jectedback into the four correspondingimages. The sil-
houettesarecompletely�lled exceptfor fast-moving body
parts.(c) Anotherframein oneof theviewsshowstheeffect
of ignoringsub-framesynchronization.

Usingtheapproachdescribedin Section3.2wecompute
theepipolargeometryfor all viewpairs.For theepipolehy-
potheses,a randomepipolartangentwasselectedin view

+

,
+

K¸3C •6 at angle v
. and a secondone was selectedat

�rn^v
.

²k35¡CwCy£ •¢	p (we chose¢ to be >Cw<y ). On an average,
we obtainedonecorrectsolution(convergedto globalmin-
imum after non-linearre�nement) for every 5000hypoth-
esis3. This took approximately15 secondsof computa-

3For thedifferentcamerapairswe get respectively onein 5555,4412,
4168,3409,9375and5357. Thefrequency wascomputedover a total of
150,000hypothesisfor eachviewpair.



tion time on a 3.0 GHz PIV with 1 GB RAM. Assuming
a Poissondistribution, 15,000hypothesiswould yield ap-
proximately¹<ºC» probabilityof �nding thecorrectsolution
and50,000hypothesiswouldyield ¹C¹—b ¹f¹…» probability.

Wecomputedtheprojectivecameramatricesfor thefour
camerasusedin this experimentfrom thefundamentalma-
trices -@�¬�C 8-@�

¦

 •-��

¦

 •-­�¬¼C •-��8¼ . -��

¦

and -/�R¼ wereadjusted
sothatthey wereconsistentwith theotherfundementalma-
trices.Theprojectivecameraestimateswerethenimproved
throughaprojectivebundleadjustment(reducingtherepro-
jection error from 4.6 pixels to 0.44pixels). The �nal re-
projectionerrorafterself-calibrationandmetricbundlead-
justmentwas0.73pixels. Using theseprojectionmatrices
the visual-hull wasconstructedasseenin Figure7(a). To
testthe accuracy of our obtainedcalibration,we projected
the reconstructedvisual hull back into the images. For a
perfectsystemthe silhouetteswould be �lled completely.
Mis-calibrationwould give riseto emptyregionsin thesil-
houettes.Thesetestsgave consistentresultson our 4-view
dataset(seeFigure 7(b)). The silhouettesare completely
�lled, except for fast moving bodypartswherethe repro-
jectedvisualhull is sometimesa few pixelssmalleron one
sideof a silhouette(seeFigure7(c)). This is dueto non-
perfectsynchronization(subframeoffsetswereignored)or
poorsegmentationdueto motionblur or shadows.

Additional experimentswere performedwith a 2-view
datasetthat wasabout1.5 mins. long, andcapturedat 30
fps. Fig. 8 shows two correspondingframeswith a few
epipolarlines correspondingto the fundamentalmatrix F,
thatwe compute.The referenceF wascomputedby man-
ually picking 50 correspondingfeaturesusing the method
describedin [9][ Ch.10,p.275]. Our computedF wasused
to transferthese50 featuresfrom the �rst view to the sec-
ondandvice-versa.Fig. 8(c) shows thedistribution of the
symmetricepipolartransfererror. Theseresultsarecompa-
rablewith theresultsprior to bundleadjustmentfor the�rst
setof experiments.

5. Summary and Conclusions

In this paperwehavepresenteda completeapproachto ob-
tainthefull metriccalibrationof acameranetwork from sil-
houettes.Thecoreof theproposedmethodis a RANSAC-
basedalgorithmto ef�ciently computethefundamentalma-
trix. Theproposedmethodis bothrobustandaccurate.An
importantadvantageof our approachis that it allows cali-
bratingcameranetworks without the needfor the acquisi-
tion of speci�c calibrationdata. This can be particularly
relevantwhenphysicalaccessto theobservedspaceis im-
practicalandwhenrecon�gurationof anactivecameranet-
work is requiredduring operations,making it suitablefor
surveillancecameranetworks.Ourapproachis intrinsically
well suitedfor dealingwith widely separatedviews, typ-
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Figure 8: (a) Two correspondingframesfrom a second
datasetwith correspondingepipolarlinescomputedby our
algorithm. (b) The distribution of the symmetricepipolar
transfererror for thefundamentalmatrix we compute,cor-
respondingto 50 manuallyclicked points. The root mean
squareresidualwas1.38pixels (this is prior to bundlead-
justment.

ical of surveillancecameranetworks and the robust algo-
rithm we utilize, allows us to deal with noisy silhouettes
causedby poor backgroundsegmentationor motion blur.
Anotheradvantageof ourmethodis thatit wouldwork well
in the absenceof texture andis insensitive to poor photo-
metriccalibration.At this pointwe requirereasonablywell
synchronizedcameras,but in the future we intend to ex-
ploreanextensionof our approachto dealwith unsynchro-
nizedcamerasandreconstructvisualhulls from unsynchro-
nizedvideo footage.Conceptually, this could be achieved
by samplingoveroneadditionaldimension.We alsointend
to studymorein detail the possibilitiesof maintainingthe
calibrationof activecameranetworksbasedonsilhouettes.
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