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ABSTRACT

We presentan automaticapproachfor calibratinga network of
cameraaisinglive video capturedfrom them. Our methodre-
quiresvideosequencesontainingmoving peopleor objectsbut
doesnot requireary specialcalibrationdata. The silhouettes
of thesemoving objectsvisible in a pair of views, are usedto
computethe epipolargeometryof thatcamergpair. The funda-
mentalmatricescomputedby this methodare usedto rst ob-
tain a projective reconstructiorof the completecameracon g-
uration. Self-calibrationis then usedto upgradethe projective
reconstructiorinto a metric reconstruction.We have extended
our approacho dealwith unsynchronizedideosequencesap-
tured at the sameframe-rate by simultaneouslyecovering the
epipolargeometryaswell asthe temporaloffset betweera pair
of cameras.We useour approacho calibrateandsynchronize
afour-camerasystemusingarchivedvideo containingamaving
person.Next, thesilhouettesareusedto constructhevisualhull
of themoving personusingknown Shape-from-Silhouettalgo-
rithms. Additional experimentson computingthe fundamental
matrix of two views from silhouettesarealsoperformed.

1. INTRODUCTION

In suneillancecameranetworks, live video of a dynamic
sceneis often capturedfrom multiple views. We aim to
recoverthe completecalibrationof suchcameranetworks
using only the videos of the obsened dynamic events,
which will eventually be usedfor 3D-reconstructiorof
theseevents. Thiswill enableusto calibratecameranet-
works observingarge areatraining actiities andcultural
events. Differentpairsof archived video sequencesay
have a time-shift betweenthem (assumingall the cam-
erashave the sameframerate) sincerecordingwould be
triggeredby moving objectswith differentcameradbeing
activatedat differentinstantsin time. Our methodsimul-
taneouslyrecoversthe synchronizatiorand epipolarge-
ometryof sucha camergpair. This methodis particularly
usefulfor Shapefrom Silhouettesystemd1, 2, 3] asvi-
sualhulls cannow bereconstructeérom uncalibratecand
unsynchronizedideoof moving objects.
Differentexisting StructureandMotion approachessing
silhouetteg[4, 5, 6] eitherrequiregood initialization or

fail for certaincameracon gurationsandmostof themre-
quire staticscenes.Traditionally, calibrationobjectslike
checlerboardpatternsor LED's have beenusedfor cali-
brating multi-camerasystemq7] but this requiresphys-
ical accessto the obsened space. This would be im-
possiblefor a remotely deployed cameranetwork. Our
methodcancalibratesuchcamerasemotelyandalsohan-
dle wide-baselinesamergpairs,arbitrarycameracon g-
urationsandalsoa lack of photometriccalibration.

At thecoreof ourapproacthis arobustRANSAC [8] based
algorithmthat computeghe epipolargeometryfrom two
video sequencesf dynamicobjects. This algorithmis
basedon the constraintsarisingfrom the correspondence
of frontierpointsandepipolartangent$4, 9, 10] of silhou-
ettesin two views. Thesearepointsonanobjects'surface
which projectto points on the silhouettein two views.
Epipolar lines passingthrough the imagesof a frontier
point mustcorrespond.Suchepipolarlines arealsotan-
gentto the silhouettesat the imagedfrontier points. Pre-
vious work usedthoseconstraintsto re ne an existing
epipolargeometry[9, 10]. Herewe take advantageof the
factthatvideo sequencesf dynamicobjectswill contain
mary differentsilhouettesyielding mary constraintghat
mustbesatis ed. We useRANSAC [8] notonlyto remove
outliersin silhouettedatabut alsosamplethe spaceof un-
known parametersWe rst demonstratéiow the method
works with synchronizedvideo. We then describehow
pairwise fundamentamatricesandfrontier point canbe
usedto computea projective reconstructiorof the com-
plete cameranetwork, which is thenre ned to a metric
reconstruction.An extensionof the RANSAC basedal-
gorithmallows usto recover the temporaloffsetbetween
apairof unsynchronizedideosequencesyherebothare
acquiredatthesameframerate. A methodto synchronize
thewhole cameranetwork is thenpresented.

In Sec.2 we presentthe backgroundheory Sec.3 de-
scribeghealgorithmthatcomputesheepipolargeometry
from dynamicsilhouettes. Full cameranetwork calibra-
tion is discussedn Sec.4 while Sec.5 describesiow we
dealwith unsynchronizedideo. Experimentatesultsare
presentedn differentsectionsof the paperandwe con-
cludewith scopefor futurework in Sec.6.



Figure 1: (a)Frontier Points and Epipolar Tangents.(b)
The TangentEnvelope.

2. BACKGROUND AND PREVIOUS WORK

Our algorithm exploits the constraintsarising from the
correspondencef frontier pointsandepipolartangent$4,
9]. Frontierpointson an objects' surfaceare 3D points
which projectto pointson thesilhouetten thetwo views.
In Fig. 1(a), X andY arefrontier points on the appar
ent contoursC; and C,, which projectto pointson the
silhouettesS; andS; respectiely. The projectionof
the epipolarplanetangentto X givesriseto correspond-
ing epipolarlines|; andl, which aretangentto S; and
S, attheimagesof X in thetwo imagesrespectrely. No
otherpointonS; andS, otherthantheimagesof frontier
points,X andY cancorrespond.Morever, the imageof
thefrontier pointscorrespondindo the outermostepipo-
lar tangentd4] mustlie on the corvex hull of the silhou-
ette. Thesilhouettesrestoredin acompactatastructure
calledthetangentenvelope[11] (seeFig. 1(b)).

Video of dynamicobjectscontainmary differentsilhou-
ettes,yielding mary constraintshat are satis ed by the
true epipolargeometry Unlike [12] who searchfor all
possiblefrontier pointsandepipolartangentson a single
silhouettewe only searctor theoutermosfrontierpoints
andepipolartangentsbut from multiple silhouettes Suf-
cient motionof the objectwithin the 3D obsernedspace
givesrise to a goodspatialdistribution of frontier points
andincreasesheaccurag of thefundamentamatrix.

3. COMPUTING THE EPIPOLAR GEOMETRY

TheRANSAC-basealgorithmtakestwo sequenceasin-
put, wherethej " framein sequence is denotedby S!

and the correspondingangentervelopeby T(S!). Fj

is the fundamentalmatrix betweenview i and view j,
(transferspointsin view i to epipolarlinesin view j ) and
g;j , the epipolein view j of cameracenteri. While a
fundamentamatrix has7 dof 's, we only randomlysam-
plein a4D spacebecauséf the epipolesareknown, the
frontier pointscanbe determinedandthe remainingde-
greesof freedomof the epipolargeometrycanbederived

Figure2: (a) The 4D hypothesisof the epipoles(not in
picture). (b) All frontier pointsfor a speci ¢ hypothesis
anda pair of transferrecepipolarlinesly, I,.

from them.The pencilof epipolarlinesin eachview cen-
teredon the epipoles,is consideredasa 1D projective
space[13] [ Ch.8,p.227]. The epipolarline homogra-
phy betweentwo such1D projective spacess a 2D ho-
mography Knowing theepipolese; , ; andtheepipolar
line homography x esFj . Three pairs of correspond-
ing epipolarlines aresufcient to determinethe epipolar
line homography ij> sothatit uniquelydetermineghe

transferof epipolarlines (note that Hij> is only deter

minedup to 3 remainingdegreesof freedom but thosedo

not affectthetransferof epipolarlines). Thefundamental
matrixis thengivenby Fj = [e; ] Hj .

At every iteration, we randomly choosethe rth frames
from eachof the two sequencesAs shawn in Fig. 2(a),
we then,randomlysampleindependendlirectionsl } from

T(S}) andl} from T(S}) for the rst pair of tangentsn

the two views. We choosea secondpair of directions!?

from T(S!) andl2 from T(S5) suchthatl? = It x for

i = 1;2 wherex is drawvn from the normaldistribution,

N (180; )!. Theintersection®f thetwo pair of tangents

1In casesilhouettesareclippedin this frame, the secondpair of di-
rectionscouldbe choserfrom anotherframe.



produceghe epipolehypothesiqe;, , €:1). We next ran-
domly pick anothemair of framesq, andcomputeeither
the rst pair of tangentor the secondpair. Let usdenote
this third pair of lines by 13 tangentto CH (S}) and |3
tangento CH (S3) (seeFig 2(a)). Hj is computedrom
(I $ I}k = 1:::3)2 Theentities(e; . ,H; ) form
themodelhypothesidor every iterationof our algorithm.
Oncea modelfor the epipolargeometryis available,we
verify its accurag. We do this by computingtangents
from the hypothesizeapipolesto the whole sequencef
silhouettesn eachof thetwo views. For unclippedsilhou-
ettesweobtaintwo tangentperframewhereador clipped
silhouettestheremay be oneor even zerotangents.Ev-
ery tangentin the pencil of the rst view is transferred
throughH if to the secondview (seeFig. 2(b)) andthe
reprojectionerror of thetransferredine from the point of
tangeng in that particularframeis computed.We count
the outliersthatexceeda reprojectiorerror threshold(we
choosehisto be5 pixels)andthrow away our hypothesis
if the outlier countexceedsa certainfraction of the total
expectednlier count. This allows usto abortearlywhen-
ever themodelhypothesiss completelyinaccurate Thus
tangentso all the silhouettesS!,j 1::: M in view i,
i = 1, 2would becomputeddnly for a promisinghypoth-
esis. For all suchpromisinghypothesesninlier countis
maintainedusinga lower threshold(we choosethis to be
1.25pixels).

After asolutionwith asufciently highinlier fractionhas
beenfound, or a presetmaximumnumberof iterations
hasbeenexhaustedwe selectthe solutionwith the most
inliers and improve our estimateof F for this hypothe-
sisthroughan iterative processof non-linearLevenbeg-
Marcquardtminimizationwhile continuingto searchfor
additionalinliers. Thus,ateveryiterationof theminimiza-
tion, we recomputethe pencil of tangentsfor the whole
silhouettessequences!,j 1:::M inviewi,i = 1;2
until the inlier countcorverges. The costfunction mini-
mizedis the symmetricepipolardistancemeasuren both
images. At this stagewe alsorecover the frontier point
correspondencehe points of tangeng) for the full se-
guenceof silhouettesn thetwo views.

3.1. Results

Experimentswere performedwith two different 2-view
video sequenceseachwith a moving personin an in-
doorervironmentandabout2 minutesong capturecht 30
fps. SeeFig. 3(a),(c)for two correspondindrameswith
epipolarlines correspondindo the fundamentamatrices
we computefor the two datasetsespectiely. Manually

2For simplicity we assumehatthe rst epipolartangentpair corre-
spondsaswell asthe secondpair of tangents.This limitations could be
easilyremoved by verifying both hypothesesor every randomsample.
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Figure3: (a) Correspondindramesfrom datasefl (wide-
baselinecamerapair with textureless oor andfew reli-
able commonfeatures)shaving correspondingepipolar
linesthatwe computed.(b) The distribution of the sym-
metricepipolartransfererrorfor thecomputedundamen-
tal matrix F, for 26 manually clicked points for dataset
1. (Rootmeansquareresidual= 1.31 pixels). (c) Corre-
spondingframesfrom datase® (vertically orientedcam-
eras)shaving correspondingpipolarlines thatwe com-
puted. (d) The distribution of the symmetric epipolar
transfererrorfor the computed, for 54 manuallyclicked
points.(Rootmeansquareesidual= 1.38pixels).



clicked correspondingpointsin the 2 views were used
to testthe accurag of the computedF, asshavn in Fig.
3(b),(d). The root meansquarereprojectionerror for the
two datasetsverel.31and1.38pixelsrespectiely (Note
thattheseerrorswill be reducedfurther after the bundle
adjustmenstep).

4. CAMERA NETWORK CALIBRATION FROM
PAIRWISE EPIPOLAR GEOMETRY

Typicalapproachefr computingprojectivestructureand
motion recovery requirecorrespondencesver at least3
views. However, it is alsopossibleto computethembased
on only 2-view correspondenced.evi andWerman[14]
have recentlyshovn how this could be achieved givena
subsetof all possiblefundamentalmatricesbetweenN
views with specialemphasison the solvability of vari-
ous cameranetworks. Herewe brie y describeour iter-
ative approactwhich providesa projective reconstruction
of the cameranetwork.

The basicbuilding block thatwe rst resole is a setof
3 camerawwith non colinearcenterdfor which the 3 fun-
damentamatricesF1,; F13 andF,3 have beencomputed
(Fig. 4(a),(b)).Giventhose we uselinearmethodgo nd
a consistensetof projectve camerad;, P, andP3 (see
Eq.1)[13], choosingP; andP, asfollows:

P1=[1j0] P2 = [[ex] Fizjen]
P3 = [[es1] F13jO0]+ exv’ 1)

P3 is determineduptoanunknown 4-vectorv (Eg.1). Ex-
pressing-,3 asafunctionof P, andP3; we obtain:

Fos = [[es2] P3P, (2)

which is linear in v, suchthat all possiblesolutionsfor

Fo3 spana4D subspacef P8 [14]. We solvefor v which

yields F »3, the closestappromixationto Fo3 in the sub-
spaceP3 is obtainedfrom thevalueof v from Eq. 1. The
resultingP;; P»; Ps arefully consistenwith F15; F13 and
F 23.

Using the cameratriplet as a building block, we could
handleour N -view cameranetwork by the methodof in-

duction. The projective reconstructiorof a triplet (asde-
scribedabove) initialisesthe projective reconstructiorof

the whole network. At every stepa new view that has
edgesto ary two views within the setof cameragecon-
structedso far forms a new triplet which is resoled in

identical fashion. This processis repeateduntil all the
cameradave beenhandled.

This projective calibrationis rst re ned usinga projec-
tive bundle adjustmenivhich minimizesthe reprojection
error of the pairwise frontier point matches. Next, we

usethe linear self-calibrationalgorithm[15] to estimate

(a) view 3 \{c3 (b)

Figure4: (a) Threenon-degyenerateviews for which we
estimateall F matrices. (b) The three-viav case.F »3 is
the closestapproximationof Fy3 we compute. (c)&(d)
The induction stepsusedto resole larger graphsusing
our method.

the rectifying transformfor eachof the projectve cam-
eras.We rectify theseprojective camerasnto metriccam-
eras,andusethemto initialize the Euclideanbundle ad-
justment16]. The Euclideanbundleadjustmensteppro-
ducesthe nal calibrationof thefull cameranetwork.

4.1. Results

Herewe presentesultsfrom full calibrationof the4-view
videodatasewhichwas4 minutedongandcapturedat30
fps[3] (see5). We computedheprojective cameragrom
the fundamentamatricesF15; F13; F23; F14; F24. Onan
averagewe obtainedonecorrectsolution,onewhich con-
vergedto a global minimum after non-linearre nement
for every 5000 hypothesid. This took approximatelyl5
second®f computatiortime ona 3.0 GHz PCwith 1 GB
RAM. Assuminga Poissondistribution, 15,000hypoth-
esiswould yield approximately95% probability of nd-
ing thecorrectsolutionand50,000hypothesisvouldyield
99:99%probability.
F»3 andF,4 hadto beadjustedy themethoddescribedn
Section 4, which actuallyimprovedour initial estimates.
Theprojectvecamerastimatesverethenre ned through
a projective bundleadjustmen{reducingthe reprojection
errorfrom 4.6 pixelsto 0.44 pixels). The nal reprojec-
tion error after self-calibrationand metric bundle adjust-
mentwas 0.73 pixels. Using theseprojection matrices
thevisual-hullwasconstructedasseenin Figure5(a). To
testtheaccurag of our obtainedcalibration,we projected
the reconstructedisual hull backinto theimages.For a
perfectsystemthe silhouettesvould be lled completely
Mis-calibrationwould giveriseto emptyregionsin thesil-
houettesThesdestsgave consistentesultson our 4-view
datasefseeFigure5(b)). Thesilhouettesarecompletely
lled, exceptfor fastmoving bodypartsvherethe repro-
jectedvisualhull is sometimes few pixelssmalleronone

3For all differentcamerapairswe getrespectiely onein 5555,4412,
4168,3409,9375and5357. The frequeng was computedover a total
of 150,000hypothesigor eachviewpair.
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Figure5: (a) A 4-view Uncalibratedvideo Sequence(b)
Recorered cameracon guration and visual-hull recon-
structionof person.(c) The visual hull reprojectecback
into the four correspondingmages. The silhouettesare
completely lled exceptfor fast-maing body parts. (d)
Anotherframein oneof theviews shows the effect of ig-
noring sub-framesynchronization.

sideof a silhouette(seeFigure5(c)). Thisis dueto non-
perfectsynchronization(subframeoffsetswere ignored)
or poorsggmentatiordueto motionblur or shadaevs.

In typical video, outermostfrontier points and epipolar
tangentsoften remainstationaryover a long time. Such
staticframesareredundantndrepresentatie keyframes
mustbe choserto make the algorithmfaster We do this
by consideringhypotheticalepipoles(at the 4 imagecor-
ners),pre-computingangentdo all the silhouettesn the
wholevideoandbinningthemandpicking representatie
keyframessuchthatatleastonefrom eachbin is selected.
For the 4-view datasetwe endedup with 600-700out of
7500frames.

5. CAMERA NETWORK SYNCHRONIZATION

To deal with unsynchronizedrideo, we modify our al-
gorithm for computingthe epipolargeometryof camera
pairs as follows (see[17] for details). At the hypothe-
sis step,in additionto making a randomhypothesisfor
the two epipolesin the 4D spaceof the pair of epipoles,
we alsorandomlypick atemporaloffset. Theveri cation
stepof the RANSAC basedalgorithmnow considerghe
hypothesizedemporaloffset for matchingframesin the
two views throughoutthe video sequence.To make the
algorithmef cient we selectkeyframesdifferently, to al-
low a temporaloffset searchwithin a large range. Since
the framescontainingslow moving andstaticsilhouettes
allow aroughalignment,the tangentsaccumulatedn the
angularbins during keyframe selectionare sortedby an-
gularspeed While selectingrepresentatie keyframeswe
selectthe oneswith static or slovly moving silhouettes.
Oncearoughalignmentis known, a more exhaustie set
of keyframesareusedto recoverthe exacttemporaloffset
within asmallsearclrangeandits variancealongwith the
true epipolargeometry

A N-view cameranetwork with pairwisetemporaloffsets,
canberepresentedsa directedgraphwhereeachvertex
represents cameraandits own clock andanedgerepre-
sentsan estimateof the temporaloffset betweenthe two
verticesit connects.Our methodin generalwill not pro-
ducea fully consistengraph,wherethe sumof temporal
offsetsoverall cyclesis zero.Eachedgein thegraphcon-
tributesa single constraint:tj; = x;  x; wheret; is
the temporaloffsetandx; andx; arethe unknovn cam-
eraclocks. To recover a Maximum Lik elihood Estimate
of all the cameraclocks, we set up a systemof equa-
tions from constraintsgprovided by all the edgesand use
WeightedLinearLeastSquaregeachedgeestimates in-
verselyweightedby its variance)to obtain the optimal
cameraclock offsets. An outlier edgewould have only
signi cantly non-zerocyclesandcould be easilydetected
andremoved beforesolving the abore mentionedsystem
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Figure6: (a) Resultsof cameranetwork synchronization.
(b) Typical sync.offsetdistribution. (c) Sampleoffsetdis-
tribution for roughalignmentphase.

of equations.This methodwill producevery robustesti-
matesfor completegraphsbut will work aslong asafully
connectedyraphwith atleastN -1 edgeds available.

5.1. Results

We tried our approachon the same4-view video dataset
that was manuallysynchronizecearlier (seeFig. 5). All
six view-pairs were synchronizedwithin a searchrange
of 500frames(a time-shiftof 16.6 secs).The sub-frame
synchronizatioroffsetsfrom the 1stto the 2nd, 3rd and
4th sequencesvere found to be 8.50, 8.98, 7.89 frames
respectiely, the correspondinggroundtruth offsets be-
ing 8.32, 8.60, 7.85 frames. The computedoffsetswe
computearewithin 1/75second®f thetruetemporaloff-
sets.Fig. 6(a)takulatesfor eachview-pair, the +/-5 inter-
val computedrom initial roughalignment the estimates
(tj , ) computedby searchingwithin thatinterval, the
MaximumLik elihoodEstimateof theconsistenbffsett;; ,
andthe groundtruth fj; . Roughalignmentrequired1.3-
2.9 million hypothesesand60-120secondson a 3 GHz
PCwith 1 GB RAM.

For the pair of views, 1 & 2, Fig. 6(b) shavs the offset
distribution within +/-125framesof thetrue offsetfor hy-
pothesegangingbetweenl to 5 million in count. The

Figure7: (d) Final Results: synchronizationcalibration
andreconstructiorof the 4-view datasebnly from video
sequences.

peakin therange[-5,5] representthetrue offset. Smaller
peaksindicatethe presenceof someperiodic motion in
partsof the sequenceFig. 6(c) shows a typical distribu-
tion of offsetsobtainedduringa particularrun andshavs
the corverging searchintervals. Fig. 7 shaws the effect
of synchronizinghe 4 video sequencewhich allows the
nal calibrationandreconstructionshavnin Fig. 5(a).

6. CONCLUSIONS AND FUTURE WORK

We presentedan approachto determinethe calibration
and synchronizatiorof a network of cameradrom pos-
sibly unsynchronizedideosof moving objects,obsened
by them. Our methodis basedon a robustalgorithmthat
ef ciently computeghe temporaloffset betweenwo se-
gquencesndtheepipolargeometryof therespectieviews.
The proposedmethodis robust and accurateand allows
calibrationof cameranetworks without the needfor ac-
quiring speci ¢ calibrationdata. In future, we intendto
explore the possibility of calibratingactive pantilt zoom
(PTZ) cameranetworks usingthis approach.Preliminary
calibrationresultsin this directionaredescribedn [18]
(seeFig. 8(b)). Fig. 8 shavsanexampleof ahigh-resolution
calibratedpanoramienosaiccomputechutomaticallyby a
rotatingcameraMost PTZ camerazanbemodelledasa
staticomnidirectionalcamerawith a x ed centerof pro-
jectionthatcoincideswith the centerof rotationandzoom
of thecameraBY registeringvideoframesfrom anactive
PTZcameraoits pre-computedalibratedpanoramauch
asshavn in Fig. 8 usingthebackgroundn theimage we
couldadoptourapproachdescribedn this paperto extract
the epipolargeometryof camerapairs usingthe warped
silhouettes Morever multiple silhouettesobsenedat dif-
ferentspotsin a wide-areaervironmentcould be usedto
obtainmoreaccurateestimate®f theepipolargeometries.
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regionsof the panoramadisplayedn the original scale.(b)Thevariationof focal lengthof pan-tilt-zoom(PTZ) cameras
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Acknowledgements

We wouldlik e to thankPeterSand 3] for providing usthe
4-view datasefrom MIT andAravind Sunderesafor giv-
ing usarchivedvideosequencefom KeckLab, UMD.

7. REFERENCES

[1] C.Buehler W. Matusik,andL. Mcmillan, “Polyhe-
dral visual hulls for real-timerendering;, in Euro-
graphicsWbrkshopon Rendering2001.

[2] G.K.M. Cheung,S. Baker, and T. Kanade, “Vi-
sual hull alignmentand re nement acrosstime: a
3d reconstructioralgorithmcombiningshape-from-
silhouettewith stered, in CVPRO03 2003, pp. II:
375-382.

[3] P Sand,L. McMillan, andJ. Poparic, “Continuous
captureof skindeformatiort, in Siggraph, 2003,pp.
578-586.

[4] K.Y.K. WongandR. Cipolla, “Structureandmotion
fromsilhouettes,in ICCV01 2001,pp.1l: 217-222.

[5] B. VijayakumarD. Kriegman,andJ.Ponce, Struc-
tureandmotionof curved 3d objectsfrom monocu-
lar silhouettes, in CVPR 1996,pp.327-334.

[6] A.J. YezziandS. Soatto, “Structurefrom motion
for scenesvithout features, in CVPR 2003, pp. I:
525-532.

[7] Z.Y.Zhang,"Flexible cameracalibrationby viewing
aplanefrom unknown orientations, in ICCV, 1999,
pp.666—673.

[8] M.A. FischlerandR.C.Bolles, “A ransac-basedp-
proachto model tting andits applicationto nding

cylindersin rangedata; in IJCAI81, 1981,pp.637—
643.

[9] J.Porrill andS. Pollard,“Curve matchingandstereo
calibration] IVC, vol. 9, pp.45-50,1991.

[10] K. Astrom,R. Cipolla, andP. Giblin, “Generalised
epipolarconstraints, in ECCV, 1996,pp.11:97-108.

[11] S.N.SinhaandM. Pollefeys, “Cameranetwork cal-
ibrationfrom dynamicsilhouettes, in CVPR 2004.

[12] Y. Furukava,A. Sethi,J.PonceandD. David Krieg-
man, “Structureandmotion from imagesof smooth
texturelessobjects; in ECCV, 2004.

[13] R.I. Hartley and A. Zisserman, Multiple View Ge-
ometryin ComputerVision, CambridgeUniversity
Press2000.

[14] N. Levi andM. Werman, “The viewing graph’ in
CVPR032003,pp.|: 518-522.

[15] M. Pollefeys,R. Koch,andL.J.VanGool, “Self cal-
ibrationandmetricreconstructionnspiteof varying
and unknawn intrinsic cameraparameters, 1JCV,
vol. 32,n0.1, pp. 7-25,August1999.

[16] B. Triggs, P. McLauchlan, R. Hartley, and
A. Fitzgibbon,“Bundle adjustment A modernsyn-
thesis, in Vision Algorithms: Theoryand Prac-
tice, W. Triggs,A. ZissermanandR. Szeliski,Eds.,
LNCS, pp.298-375SpringerVerlag,2000.

[17] S.N.SinhaandM. Pollefeys, “Synchronizatiorand
calibrationof cameranetworksfrom silhouettes, in
ICPR, 2004.

[18] S.N.SinhaandM. Pollefeys, “Towardscalibratinga
pan-tilt-zoomcameranetwork,” in OMNIVIS 2004.



