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ABSTRACT

We presentan automaticapproachfor calibratinga network of
camerasusinglive video capturedfrom them. Our methodre-
quiresvideosequencescontainingmoving peopleor objectsbut
doesnot requireany specialcalibrationdata. The silhouettes
of thesemoving objectsvisible in a pair of views, areusedto
computetheepipolargeometryof thatcamerapair. The funda-
mentalmatricescomputedby this methodareusedto �rst ob-
tain a projective reconstructionof the completecameracon�g-
uration. Self-calibrationis thenusedto upgradethe projective
reconstructioninto a metric reconstruction.We have extended
our approachto dealwith unsynchronizedvideosequencescap-
turedat the sameframe-rate,by simultaneouslyrecovering the
epipolargeometryaswell asthe temporaloffsetbetweena pair
of cameras.We useour approachto calibrateandsynchronize
a four-camerasystemusingarchivedvideocontaininga moving
person.Next, thesilhouettesareusedto constructthevisualhull
of themoving personusingknown Shape-from-Silhouettealgo-
rithms. Additional experimentson computingthe fundamental
matrix of two views from silhouettesarealsoperformed.

1. INTRODUCTION

In surveillancecameranetworks,live videoof a dynamic
sceneis often capturedfrom multiple views. We aim to
recover thecompletecalibrationof suchcameranetworks
using only the videos of the observed dynamicevents,
which will eventually be usedfor 3D-reconstructionof
theseevents.This will enableus to calibratecameranet-
worksobservinglargeareatrainingactivities andcultural
events. Differentpairsof archivedvideo sequencesmay
have a time-shift betweenthem (assumingall the cam-
erashave thesameframerate)sincerecordingwould be
triggeredby moving objects,with differentcamerasbeing
activatedat differentinstantsin time. Our methodsimul-
taneouslyrecovers the synchronizationand epipolarge-
ometryof sucha camerapair. This methodis particularly
useful for Shapefrom Silhouettesystems[1, 2, 3] asvi-
sualhullscannow bereconstructedfrom uncalibratedand
unsynchronizedvideoof moving objects.
DifferentexistingStructureandMotion approachesusing
silhouettes[4, 5, 6] either requiregood initialization or

fail for certaincameracon�gurationsandmostof themre-
quirestaticscenes.Traditionally, calibrationobjectslike
checkerboardpatternsor LED's have beenusedfor cali-
bratingmulti-camerasystems[7] but this requiresphys-
ical accessto the observed space. This would be im-
possiblefor a remotelydeployed cameranetwork. Our
methodcancalibratesuchcamerasremotelyandalsohan-
dle wide-baselinescamerapairs,arbitrarycameracon�g-
urationsandalsoa lackof photometriccalibration.

At thecoreof ourapproachis arobustRANSAC [8] based
algorithmthatcomputestheepipolargeometryfrom two
video sequencesof dynamicobjects. This algorithm is
basedon theconstraintsarisingfrom thecorrespondence
of frontierpointsandepipolartangents[4, 9,10] of silhou-
ettesin two views. Thesearepointsonanobjects'surface
which project to points on the silhouettein two views.
Epipolar lines passingthrough the imagesof a frontier
point mustcorrespond.Suchepipolarlines arealsotan-
gentto thesilhouettesat the imagedfrontier points. Pre-
vious work usedthoseconstraintsto re�ne an existing
epipolargeometry[9, 10]. Herewe take advantageof the
factthatvideosequencesof dynamicobjectswill contain
many differentsilhouettes,yielding many constraintsthat
mustbesatis�ed.WeuseRANSAC[8] notonly to remove
outliersin silhouettedatabut alsosamplethespaceof un-
known parameters.We �rst demonstratehow themethod
works with synchronizedvideo. We then describehow
pair-wise fundamentalmatricesandfrontier point canbe
usedto computea projective reconstructionof the com-
pletecameranetwork, which is then re�ned to a metric
reconstruction.An extensionof the RANSAC basedal-
gorithmallows us to recover the temporaloffsetbetween
apairof unsynchronizedvideosequences,wherebothare
acquiredat thesameframerate.A methodto synchronize
thewholecameranetwork is thenpresented.

In Sec.2 we presentthe backgroundtheory. Sec.3 de-
scribesthealgorithmthatcomputestheepipolargeometry
from dynamicsilhouettes.Full cameranetwork calibra-
tion is discussedin Sec.4 while Sec.5 describeshow we
dealwith unsynchronizedvideo.Experimentalresultsare
presentedin differentsectionsof the paperandwe con-
cludewith scopefor futurework in Sec.6.
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Figure 1: (a)FrontierPoints and Epipolar Tangents.(b)
TheTangentEnvelope.

2. BACKGROUND AND PREVIOUS WORK

Our algorithm exploits the constraintsarising from the
correspondenceof frontierpointsandepipolartangents[4,
9]. Frontierpointson an objects' surfaceare3D points
whichprojectto pointson thesilhouettein thetwo views.
In Fig. 1(a), X and Y are frontier points on the appar-
ent contoursC1 andC2, which project to pointson the
silhouettesS1 andS2 respectively. The projectionof � ,
theepipolarplanetangentto X givesrise to correspond-
ing epipolarlines l1 and l2 which aretangentto S1 and
S2 at theimagesof X in thetwo imagesrespectively. No
otherpoint onS1 andS2 otherthantheimagesof frontier
points,X andY cancorrespond.Morever, the imageof
thefrontierpointscorrespondingto theouter-mostepipo-
lar tangents[4] mustlie on theconvex hull of thesilhou-
ette.Thesilhouettesarestoredin acompactdatastructure
calledthetangentenvelope,[11] (seeFig. 1(b)).
Video of dynamicobjectscontainmany differentsilhou-
ettes,yielding many constraintsthat aresatis�ed by the
true epipolargeometry. Unlike [12] who searchfor all
possiblefrontier pointsandepipolartangentson a single
silhouette,weonlysearchfor theoutermostfrontierpoints
andepipolartangents,but from multiple silhouettes.Suf-
�cient motionof theobjectwithin the3D observedspace
givesrise to a goodspatialdistribution of frontier points
andincreasestheaccuracy of thefundamentalmatrix.

3. COMPUTING THE EPIPOLAR GEOMETRY

TheRANSAC-basedalgorithmtakestwo sequencesasin-
put, wherethe j th framein sequencei is denotedby Sj

i

and the correspondingtangentenvelopeby T(Sj
i ). Fij

is the fundamentalmatrix betweenview i and view j ,
(transferspointsin view i to epipolarlinesin view j ) and
eij , the epipole in view j of cameracenteri . While a
fundamentalmatrix has7 dof 's, we only randomlysam-
ple in a 4D spacebecauseif theepipolesareknown, the
frontier pointscanbe determined,andthe remainingde-
greesof freedomof theepipolargeometrycanbederived

Figure2: (a) The 4D hypothesisof the epipoles(not in
picture). (b) All frontier pointsfor a speci�c hypothesis
anda pair of transferredepipolarlinesl1, l2.

from them.Thepencilof epipolarlinesin eachview cen-
teredon the epipoles,is consideredas a 1D projective
space[13] [ Ch.8, p.227]. The epipolarline homogra-
phy betweentwo such1D projective spacesis a 2D ho-
mography. Knowing theepipoleseij , ej i andtheepipolar
line homography�x es Fij . Threepairs of correspond-
ing epipolarlinesaresuf�cient to determinetheepipolar
line homographyH �>

ij sothat it uniquelydeterminesthe
transferof epipolar lines (note that H �>

ij is only deter-
minedup to 3 remainingdegreesof freedom,but thosedo
notaffect thetransferof epipolarlines).Thefundamental
matrix is thengivenby Fij = [eij ]� H ij .
At every iteration, we randomlychoosethe r th frames
from eachof the two sequences.As shown in Fig. 2(a),
we then,randomlysampleindependentdirectionsl 1

1 from
T(Sr

1 ) andl1
2 from T(Sr

2 ) for the �rst pair of tangentsin
the two views. We choosea secondpair of directionsl 2

1
from T(Sr

1 ) andl2
2 from T(Sr

2 ) suchthat l2
i = l1

i � x for
i = 1; 2 wherex is drawn from the normaldistribution,
N (180; � )1. Theintersectionsof thetwo pair of tangents

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



producestheepipolehypothesis(e12 , e21). We next ran-
domly pick anotherpair of framesq, andcomputeeither
the�rst pair of tangentsor thesecondpair. Let usdenote
this third pair of lines by l3

1 tangentto CH (Sq
1 ) and l3

2
tangentto CH (Sq

2 ) (seeFig 2(a)). H ij is computedfrom
(lk

i $ lk
j ; k = 1: : :3)2. The entities(eij ,ej i ,H ij ) form

themodelhypothesisfor every iterationof our algorithm.
Oncea modelfor the epipolargeometryis available,we
verify its accuracy. We do this by computingtangents
from thehypothesizedepipolesto thewholesequenceof
silhouettesin eachof thetwo views. For unclippedsilhou-
ettesweobtaintwo tangentsperframewhereasfor clipped
silhouettes,theremay be oneor evenzerotangents.Ev-
ery tangentin the pencil of the �rst view is transferred
throughH �>

ij to the secondview (seeFig. 2(b)) andthe
reprojectionerrorof thetransferredline from thepoint of
tangency in thatparticularframeis computed.We count
theoutliersthatexceeda reprojectionerrorthreshold(we
choosethis to be5 pixels)andthrow awayourhypothesis
if theoutlier countexceedsa certainfractionof the total
expectedinlier count.This allowsusto abortearlywhen-
ever themodelhypothesisis completelyinaccurate.Thus
tangentsto all the silhouettesSj

i , j � 1 : : : M in view i ,
i = 1; 2 would becomputedonly for a promisinghypoth-
esis.For all suchpromisinghypothesesaninlier countis
maintainedusinga lower threshold(we choosethis to be
1.25pixels).
After a solutionwith a suf�ciently high inlier fractionhas
beenfound, or a presetmaximumnumberof iterations
hasbeenexhausted,we selectthesolutionwith themost
inliers and improve our estimateof F for this hypothe-
sis throughan iterative processof non-linearLevenberg-
Marcquardtminimizationwhile continuingto searchfor
additionalinliers. Thus,ateveryiterationof theminimiza-
tion, we recomputethe pencil of tangentsfor the whole
silhouettessequenceSj

i , j � 1 : : : M in view i , i = 1; 2
until the inlier countconverges. The cost function mini-
mizedis thesymmetricepipolardistancemeasurein both
images. At this stagewe also recover the frontier point
correspondences(the pointsof tangency) for the full se-
quenceof silhouettesin thetwo views.

3.1. Results

Experimentswere performedwith two different 2-view
video sequences,eachwith a moving personin an in-
doorenvironmentandabout2 minuteslongcapturedat30
fps. SeeFig. 3(a),(c)for two correspondingframeswith
epipolarlinescorrespondingto the fundamentalmatrices
we computefor the two datasetsrespectively. Manually

2For simplicity we assumethat the �rst epipolartangentpair corre-
spondsaswell asthesecondpair of tangents.This limitationscouldbe
easilyremovedby verifying bothhypothesesfor every randomsample.
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Figure3: (a)Correspondingframesfrom dataset1 (wide-
baselinecamerapair with textureless�oor and few reli-
able commonfeatures)showing correspondingepipolar
lines thatwe computed.(b) The distribution of thesym-
metricepipolartransfererrorfor thecomputedfundamen-
tal matrix F, for 26 manuallyclicked points for dataset
1. (Rootmeansquareresidual= 1.31pixels). (c) Corre-
spondingframesfrom dataset2 (vertically orientedcam-
eras)showing correspondingepipolarlines thatwe com-
puted. (d) The distribution of the symmetricepipolar
transfererrorfor thecomputedF, for 54manuallyclicked
points.(Rootmeansquareresidual= 1.38pixels).



clicked correspondingpoints in the 2 views were used
to test the accuracy of the computedF, asshown in Fig.
3(b),(d). Theroot meansquarereprojectionerror for the
two datasetswere1.31and1.38pixelsrespectively (Note
that theseerrorswill be reducedfurther after the bundle
adjustmentstep).

4. CAMERA NETWORK CALIBRA TION FROM
PAIRWISE EPIPOLAR GEOMETRY

Typicalapproachesfor computingprojectivestructureand
motion recovery requirecorrespondencesover at least3
views. However, it is alsopossibleto computethembased
on only 2-view correspondences.Levi andWerman[14]
have recentlyshown how this could be achieved given a
subsetof all possiblefundamentalmatricesbetweenN
views with specialemphasison the solvability of vari-
ouscameranetworks. Herewe brie�y describeour iter-
ativeapproachwhichprovidesa projectivereconstruction
of thecameranetwork.
The basicbuilding block that we �rst resolve is a setof
3 cameraswith noncolinearcentersfor which the3 fun-
damentalmatricesF12; F13 andF23 have beencomputed
(Fig. 4(a),(b)).Giventhose,weuselinearmethodsto �nd
a consistentsetof projective camerasP1, P2 andP3 (see
Eq.1)[13], choosingP1 andP2 asfollows :

P1 = [I j0] P2 = [[e21]� F12 je21]
P3 = [[e31]� F13 j0] + e31vT (1)

P3 is determineduptoanunknown4-vectorv (Eq.1). Ex-
pressingF23 asa functionof P2 andP3 weobtain:

F 23 = [[e32]� P3P+
2 (2)

which is linear in v, suchthat all possiblesolutionsfor
F23 spana4D subspaceof P 8 [14]. Wesolve for v which
yields F 23, the closestappromixationto F23 in the sub-
space.P3 is obtainedfrom thevalueof v from Eq.1. The
resultingP1; P2; P3 arefully consistentwith F12; F13 and
F 23.
Using the cameratriplet as a building block, we could
handleour N -view cameranetwork by themethodof in-
duction. Theprojective reconstructionof a triplet (asde-
scribedabove) initialisestheprojective reconstructionof
the whole network. At every stepa new view that has
edgesto any two views within the setof camerasrecon-
structedso far forms a new triplet which is resolved in
identical fashion. This processis repeateduntil all the
camerashavebeenhandled.
This projective calibrationis �rst re�ned usinga projec-
tive bundleadjustmentwhich minimizesthe reprojection
error of the pairwise frontier point matches. Next, we
usethe linear self-calibrationalgorithm[15] to estimate

Figure4: (a) Threenon-degenerateviews for which we
estimateall F matrices.(b) The three-view case.F 23 is
the closestapproximationof F23 we compute. (c)&(d)
The induction stepsusedto resolve larger graphsusing
ourmethod.

the rectifying transformfor eachof the projective cam-
eras.Werectify theseprojectivecamerasinto metriccam-
eras,andusethemto initialize the Euclideanbundlead-
justment[16]. TheEuclideanbundleadjustmentsteppro-
ducesthe�nal calibrationof thefull cameranetwork.

4.1. Results

Herewepresentresultsfrom full calibrationof the4-view
videodatasetwhichwas4 minuteslongandcapturedat30
fps[3] (see5). Wecomputedtheprojectivecamerasfrom
the fundamentalmatricesF12; F13; F23; F14; F24. On an
average,weobtainedonecorrectsolution,onewhichcon-
vergedto a global minimum after non-linearre�nement
for every 5000hypothesis3. This took approximately15
secondsof computationtime ona 3.0GHz PCwith 1 GB
RAM. Assuminga Poissondistribution, 15,000hypoth-
esiswould yield approximately95% probability of �nd-
ing thecorrectsolutionand50,000hypothesiswouldyield
99:99%probability.
F23 andF24 hadto beadjustedby themethoddescribedin
Section 4, which actuallyimprovedour initial estimates.
Theprojectivecameraestimateswerethenre�ned through
a projectivebundleadjustment(reducingthereprojection
error from 4.6 pixels to 0.44pixels). The �nal reprojec-
tion error after self-calibrationandmetric bundleadjust-
ment was 0.73 pixels. Using theseprojectionmatrices
thevisual-hullwasconstructedasseenin Figure5(a). To
testtheaccuracy of ourobtainedcalibration,weprojected
the reconstructedvisual hull backinto the images.For a
perfectsystemthesilhouetteswould be�lled completely.
Mis-calibrationwouldgiveriseto emptyregionsin thesil-
houettes.Thesetestsgaveconsistentresultsonour4-view
dataset(seeFigure5(b)). Thesilhouettesarecompletely
�lled, exceptfor fastmoving bodypartswheretherepro-
jectedvisualhull is sometimesafew pixelssmalleronone

3For all differentcamerapairswegetrespectively onein 5555,4412,
4168,3409,9375and5357. The frequency wascomputedover a total
of 150,000hypothesisfor eachviewpair.
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Figure5: (a) A 4-view UncalibratedVideoSequence.(b)
Recovered cameracon�guration and visual-hull recon-
structionof person.(c) The visual hull reprojectedback
into the four correspondingimages. The silhouettesare
completely�lled except for fast-moving body parts. (d)
Anotherframein oneof theviews shows theeffect of ig-
noringsub-framesynchronization.

sideof a silhouette(seeFigure5(c)). This is dueto non-
perfectsynchronization(subframeoffsetswere ignored)
or poorsegmentationdueto motionblur or shadows.
In typical video, outermostfrontier points and epipolar
tangentsoften remainstationaryover a long time. Such
staticframesareredundantandrepresentative keyframes
mustbe chosento make thealgorithmfaster. We do this
by consideringhypotheticalepipoles(at the4 imagecor-
ners),pre-computingtangentsto all thesilhouettesin the
wholevideoandbinningthemandpicking representative
keyframessuchthatat leastonefrom eachbin is selected.
For the4-view dataset,we endedup with 600-700out of
7500frames.

5. CAMERA NETWORK SYNCHRONIZATION

To deal with unsynchronizedvideo, we modify our al-
gorithm for computingthe epipolargeometryof camera
pairs as follows (see[17] for details). At the hypothe-
sis step, in addition to making a randomhypothesisfor
the two epipolesin the4D spaceof thepair of epipoles,
we alsorandomlypick a temporaloffset.Theveri�cation
stepof theRANSAC basedalgorithmnow considersthe
hypothesizedtemporaloffset 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 a roughalignment,thetangentsaccumulatedin the
angularbins duringkeyframeselectionaresortedby an-
gularspeed.While selectingrepresentativekeyframeswe
selectthe oneswith staticor slowly moving silhouettes.
Oncea roughalignmentis known, a moreexhaustive set
of keyframesareusedto recovertheexacttemporaloffset
within asmallsearchrangeandits variancealongwith the
trueepipolargeometry.
A N-view cameranetwork with pairwisetemporaloffsets,
canberepresentedasa directedgraphwhereeachvertex
representsa cameraandits own clock andanedgerepre-
sentsan estimateof the temporaloffset betweenthe two
verticesit connects.Our methodin generalwill not pro-
ducea fully consistentgraph,wherethesumof temporal
offsetsoverall cyclesis zero.Eachedgein thegraphcon-
tributesa singleconstraint: t ij = x i � x j wheret ij is
the temporaloffsetandx i andx j arethe unknown cam-
eraclocks. To recover a Maximum LikelihoodEstimate
of all the cameraclocks, we set up a systemof equa-
tions from constraintsprovidedby all the edgesanduse
WeightedLinearLeastSquares(eachedgeestimateis in-
verselyweightedby its variance)to obtain the optimal
cameraclock offsets. An outlier edgewould have only
signi�cantly non-zerocyclesandcouldbeeasilydetected
andremovedbeforesolving theabove mentionedsystem
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Figure6: (a) Resultsof cameranetwork synchronization.
(b) Typicalsync.offsetdistribution. (c) Sampleoffsetdis-
tribution for roughalignmentphase.

of equations.This methodwill producevery robustesti-
matesfor completegraphsbut will work aslongasafully
connectedgraphwith at leastN -1 edgesis available.

5.1. Results

We tried our approachon the same4-view video dataset
that wasmanuallysynchronizedearlier(seeFig. 5). All
six view-pairswere synchronizedwithin a searchrange
of 500 frames(a time-shift of 16.6secs).Thesub-frame
synchronizationoffsetsfrom the 1st to the 2nd, 3rd and
4th sequenceswere found to be 8.50, 8.98, 7.89 frames
respectively, the correspondinggroundtruth offsetsbe-
ing 8.32, 8.60, 7.85 frames. The computedoffsetswe
computearewithin 1/75secondsof thetruetemporaloff-
sets.Fig. 6(a)tabulatesfor eachview-pair, the+/-5 inter-
val computedfrom initial roughalignment,theestimates
(t ij ,� ij ) computedby searchingwithin that interval, the
MaximumLikelihoodEstimateof theconsistentoffsett ij ,
andthe groundtruth t̂ ij . Roughalignmentrequired1.3-
2.9 million hypotheses,and60-120secondson a 3 GHz
PCwith 1 GB RAM.
For the pair of views, 1 & 2, Fig. 6(b) shows the offset
distributionwithin +/-125framesof thetrueoffsetfor hy-
pothesesrangingbetween1 to 5 million in count. The

Figure7: (d) Final Results:synchronization,calibration
andreconstructionof the4-view datasetonly from video
sequences.

peakin therange[-5,5] representsthetrueoffset.Smaller
peaksindicatethe presenceof someperiodic motion in
partsof thesequence.Fig. 6(c) shows a typical distribu-
tion of offsetsobtainedduringa particularrun andshows
the converging searchintervals. Fig. 7 shows the effect
of synchronizingthe4 videosequenceswhich allows the
�nal calibrationandreconstruction,shown in Fig. 5(a).

6. CONCLUSIONS AND FUTURE WORK

We presentedan approachto determinethe calibration
andsynchronizationof a network of camerasfrom pos-
sibly unsynchronizedvideosof moving objects,observed
by them. Our methodis basedon a robustalgorithmthat
ef�ciently computesthe temporaloffsetbetweentwo se-
quencesandtheepipolargeometryof therespectiveviews.
The proposedmethodis robust andaccurateandallows
calibrationof cameranetworks without the needfor ac-
quiring speci�c calibrationdata. In future, we intendto
explore thepossibilityof calibratingactive pantilt zoom
(PTZ) cameranetworksusingthis approach.Preliminary
calibrationresultsin this directionaredescribedin [18]
(seeFig.8(b)).Fig.8showsanexampleof ahigh-resolution
calibratedpanoramicmosaiccomputedautomaticallyby a
rotatingcamera.Most PTZ camerascanbemodelledasa
staticomnidirectionalcamerawith a �x ed centerof pro-
jectionthatcoincideswith thecenterof rotationandzoom
of thecamera.By registeringvideoframesfrom anactive
PTZcamerato its pre-computedcalibratedpanoramasuch
asshown in Fig. 8 usingthebackgroundin theimage,we
couldadoptourapproachdescribedin thispaperto extract
the epipolargeometryof camerapairsusingthe warped
silhouettes.Morevermultiple silhouettesobservedat dif-
ferentspotsin a wide-areaenvironmentcouldbeusedto
obtainmoreaccurateestimatesof theepipolargeometries.
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