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Abstract

In this paperwe presentan automaticmethodfor calibrat-
ing a networkof cameasfromonly silhouettesThisis par-
ticularly usefulfor shape-fom-silhouetter visual-hullsys-
tems,as no additional data is neededor calibration. The
key novel contribution of this work is an algorithm to ro-
bustlycomputetheepipolargeometryfromdynamicsilhou-
ettes. We usethe fundamentaimatricescomputedby this
methodto determinethe projective reconstructionof the
completecamen con guration. Thisis re ned into a met-
ric reconstructionusing self-calibmation. We validate our
appmoac by calibrating a four camea visual-hull system
fromarchivedatawhele thedynamioobjectis amovingper
son.Oncethe calibration parametes havebeencomputed,
we usea visual-hull algorithm to reconstructhe dynamic
objectfromits silhouettes.

1 Intr oduction

Shape-from-Silhouetténitially proposedby [3], hasre-
cently receved a lot of attentionand various algorithms
for recovering the shapeof objectshave been proposed
[5, 8, 15, 10, 20]. Many Shape-from-Silhouettenethods
attemptto computethe visual hull [11] of anobject,which
is the maximalshapethat produceghe samesetof silhou-
ettesseenfrom multiple views. For afully calibratedcam-
era, the raysthroughthe cameracenterand points on the
silhouettede ne aviewing cone[17]. Intersectingviewing
coneshackprojectedrom silhouettesn multiple views pro-
ducesthe visual hull of the object. Shape-from-Silhouette
implementationgrerelatively simpleandreal-timemodel
acquisitiontechniquesexist [5, 15]. However with a few
camerasthevisual hull canonly coarselyapproximatehe
shapeof therealobject. For moreaccurateshapesstimates,
moresilhouettesmagesareneededThis couldbeachieved
by increasingthe numberof camerasor by trying to align
visual hulls over time, when the sceneexhibits rigid mo-
tion [8]. Sandet al. [20] usesilhouettedo estimateshape
of dynamicobjectsandis ableto getgoodestimatesy as-
suminga parameterizedhodelof human gures.

Most multi-cameraShape-from-Silhouettesystemsas-

Figurel: Multi-view Uncalibratedvideo Sequence

sumethatthe calibrationandposeof the cameradiasbeen
precomputecof ine via a speci ¢ calibration procedure.
Typically, the calibrationdatais obtainedby moving a pla-
narpattern26] oraLED in the eld of view of thecameras.
This hasthesigni cant disadantagehatphysicalaccesso
the obsenedspacds necessarandit precludesecon gu-
ration of cameragiuring operation(at leastwithout insert-
ing anadditionalcalibrationsession) Someapproachefor
structure-from-motiorfor silhouetteshave beenproposed,
but mostof thesehave limitationsrenderinghemimpracti-
calfor arbitraryunknavn cameracon gurations,which we
call acamen network Theselimitationsinclude: requir
ing the obsenedobjectto be static[7], requiringa speci ¢
cameracon guration (i.e. at leastpartially circular) [23],
usingan orthographigorojectionmodel[22], andrequiring
agoodinitialization [24].

In this paperwe addresshe problem of calibrating a
cameranetwork and constructingthe visual hull from the
video sequencesf a dynamicobjectusingonly silhouette
information. Our approachs basedn a novel algorithmto
robustly computetheepipolargeometnyfrom two silhouette
sequencesThis algorithmis basedon the constraintsaris-
ing from the correspondencef frontier pointsandepipolar
tangent423, 19, 1, 2]. Thesearepointson anobjects'sur
facewhich projectto pointson the silhouettein two views.
Epipolarlines which passthroughthe imagesof a frontier
point must correspond. Such epipolarlines are also tan-
gentto the respectie silhouettesat thesepoints. Previous
work usedthoseconstraintsto re ne an existing epipolar
geometry[19, 1, 2]. Herewe take advantageof thefactthat
a cameranetwork observinga dynamicobjectwill record
mary differentsilhouettesyielding a large numberof con-



straintsthatneedto be satis ed. We devisea RANSAC [4]
basedapproacho extractsuchmatchingepipolartangents
in the video sequenceThe epipolepositionsare hypothe-
sizedanepipolarine homographys computedandveri ed
atevery RANSAC iteration.Randomsamplingis usedboth
for exploring the 4D spaceof possibleepipolepositionsas
well asdealingwith outliersin the silhouettedata. A sub-
sequenhon-lineaminimizationstagecomputesa moreac-
curateestimateof the epipolargeometryandalsoprovides
matchingfrontier pointsin thevideo-sequencé hesepoint
matchesare usedlater in a bundle adjustmento improve
calibration. Once someof the fundamentalmatricesare
known, a projective reconstructiorof the  Camerascan
be recovered. Thisis rst re ned usinga projective bun-
dle adjustment. Next, using self-calibrationmethodsand
a Euclideanbundle adjustmentwe are able to computea
setof optimal EuclideancamerasFinally, the metricvisual
hull of the obseneddynamicobijectis reconstructedor the
sequence Otherreconstructiorapproachesuchas multi-
baselinestereoor voxel coloring, could also be usedwith
thecomputeccalibration.

As our calibrationapproactrelieson silhouettesjt de-
pendson a robustbackgroundsegmentatiorapproachOur
RANSAC algorithm,however, allows areasonableatio of
badsilhouettes.It is alsoimportantthat the frontier points
coverasufcient partof theimageanddepthrangeto yield
satishctoryresults. This requiressufcient motion of the
obsened object over the spaceobsenred by the cameras.
Advantagef our methodarethatit doesnotrely on fea-
turematchingandwide-baselinebetweercamergairsare
handledwell. Our approachs particularlywell suitedfor
systemghatrely onsilhouetteextractionfor reconstruction,
asin this caseno additionaldataneedsto be extractedfor
calibration.We cannotdirectly computetheepipolargeom-
etry of cameracon gurationswherethe epipoleis located
within the corvex hull of the silhouette,but we canoften
handlethis caseasthe projective reconstructiorstageonly
requiresa subsebf the fundamentamatrices.Theremain-
derof this paperis organizedasfollows. Section2 presents
the backgroundheoryandterminology The detailsof our
algorithmare presentedn Section3. Section4 shows our
resultson a real datasetandwe nally concludewith dis-
cussionsn Section5.

2 Background and notation

The signifanceof epipolartangenciesand frontier points
hasbeenextensiely studiedin computewision[19, 17, 23,
13]. Frontierpointsarepointsontheobject's surfacewhich
projectto pointson the silhouettesn two views. In Fig. 2,

and arefrontier pointswhich projectto pointson the
silhouettes and respectiely. They bothlie onthein-
tersectiorof theapparentontours, and  which give

Figure2: The frontier pointsandepipolartangentgor two
views.

riseto thesetwo silhouettesTheprojectionof , theepipo-
lar planetangentto  givesriseto correspondingepipolar

lines and whicharetangentto and attheim-
agesof in thetwo imagesrespectiely. No otherpoint
on and otherthanthe projectedfrontier points,

and areguaranteetb correspondUnfortunatelyfrontier
pointconstraintglo not,in generakxist overmorethantwo
views. In athree-viav casegenerally thefrontier pointsin
the rst andsecondview do not correspondo thosein the
secondandthird view. As we show later, this hasimpor-
tantimplicationsfor the recovery of the projective camera
network con guration. For acomplicatechon-corvex poly-
topeobjectsuchasahumangure, therecouldbemary po-
tentialfrontier points.Howeverit is hardto nd all of them
in uncalibratedsequencesincethe positionof the epipoles
areunknown [19] a priori. In [23] Wong et. al searchegor
outermostepipolartangentsfor circular motion. In their
case,the existenceof x ed entitiesin the imagessuchas
the horizonandthe imageof the rotationaxis simplify the
searchor epipolesWe alsolook for thetwo outerepipolar
tangentandmalke thekey obsenationthattheimageof the
frontier points correspondingo theseoutermostepipolar
tangentanustlie on the corvex hull of the silhouette. We
applyaRANSAC-basedpproacho searcHor theepipoles
andcomputethe epipolarline homographywhich satis es
the epipolargeometryaswell asretrieve the corresponding
frontier pointsin thewholesegeunce.

We shall denotethe FundamentaMatrix betweernview

andview by (transferspointsin view to epipo-
lar lines in view ) andthe epipolein view of camera
center as . The pencil of epipolarlinesin eachview
centeredon the epipoles,is considerechsa projective
space9] [Ch.8 p.227]. The epipolarline homographybe-
tweentwo such  projectvespacessa  homography
Knowing the positionof the epipoles ( each)
andthe epipolarline homography( ) xes  which
has . Threepairsof correspondingepipolarlinesare
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Figure3: The CalibrationProcedure.

sufcient to determinethe epipolarline homography

sothatit uniquelydetermineghe transferof epipolarlines
(notethat is only determinedup to 3 remainingde-
greesof freedom,but thosedo not affect the transferof
epipolarlines). The fundamentamatrix is then given by

The metric cameranetwork con guration of a system
with  camerads describedby a setof Euclideancam-
eraprojectionmatrices
where representhecamerantrinsics, and describe
the rotationandtranslationof the cameracenterof the th
cameraw.r.t theworld coordinateframe. The setof projec-
tive cameramatriceswill be denotedby
Thosecameramatricesarerelatedby a projective transfmC
mation  sothat

3. Our approach

Fig. 3 describeghe stepby stepprocedurene follow. We
have x ed camerasplacedaroundan object. The in-
putto thesystemis  synchronizedideosequencesf
frameseach.We denotethe setof silhouettesn the th set
of framesby ; . Our goalis to computethe
Euclideancamergprojectionmatrices  correspondindo
thecameranetwork con guration.

3.1 Silhouette TangentEnvelopes

For every framein eachsequencea binary segmentation
of the objectis computedusingbackgroundsegmentation.
Noisy patchesarecleanedup usinga hole- lling algorithm
that usesan areathresholdin pixels to distinguishnoisy
blobsfrom theobject's silhouetteblob. Insteadof explicitly

storing every silhouette , we directly computeand store
its tangentervelope , whichis amorecompactrepre-
sentation. The tangentervelopeof , (seeFig. 4(a)) con-
sistsof its convex hull , Storedas an orderedlist

of vertices( in counterclockwiseorder(CCW))

and a table of directedtangentsparameterizedy the an-
gle , wherefor every tangent we store

, the point of tangeng on the cornvex hull A

samplinginterval is choserfor thetangentables.Thetan-
gentorientationde nesaconsistentlirectionof thetangent
with respecto suchthatthereis only onetangent

A7S)

Figure4: (a) The TangentErvelopeT(S) for silhouetteS
(only 1 in 6 tangentds shawn for clarity). We samplefor
the epipolesin this tangentspaceparameterizety . (b)
Computingthe SilhouetteCorvex Hull CH(S)

in adirection andnottwo. This simpli es tangenyg
computationdateron.

To computethe TangentEnvelope

, We rst constructits corvex hull using Melk-

man's on-line corvex hull algorithm[16]. This re-
quiresa simple path traversingall pointsin the point-set,
which canbe computedn time. In our case,a
top-dovn scanof theboundingbox of  implicitly givesus
2 simplepathsin time, aleft extremeboundary
andaright extremeboundary of (seeFig. 4(b)). In
asinglepasswe obtainorderedists of verticesfor theleft
hull , in CCW orderandright hull in CW
order A union of and produces
whichis storedin CCW order If thesilhouettesareclipped
at imageboundarieswe storethe corvex hull asa single

for asilhouette



orderedist insteadof multiple connectedegments.We in-
troducenew verticeswherethe silhouettesare clippedand
store ags to indicatethe sgmentswhich lie insidetheim-
ages. The next stepis computingthe tangeng points

for . We startby determining andthen

rotatethetangent (incrementing ) allowing it to switch
to thenext pointin whenrequired.This steptakes
time. is an extremely compactrepresentation

andallows usto computetangentgo from ary ex-
ternalpoint in time. typically had 25-35
verticesfor the imageresolutionof our datasets A single
framerequiredonly about500 bytesof storage.Therefore
thetangentablesfor severalminutesof multi-cameravideo
would easily t into memory This would allow usto ef -
ciently accesshousandsf videoframeswithoutany mem-
ory bottlenecksEf cient tangentcomputations key to the
feasibility of ouralgorithmaswe seein 3.2.2.Computinga
pencilof tangentgo a sequencef silhouettess furtherop-
timized by usingtemporalcoherencéetweensilhouettes.

3.2 Computing the Epipolar Geometry

Givennon-trivial silhouetteshapeswe cannotcomputethe
epipolargeometrylinearly from correspondingsilhouettes
because¢helocationof thefrontier pointsdependnthepo-
sition of the epipoles.Givenan approximatesolution,it is
possibleto re ne it usinganoptimizationapproach19, 1].
Sincewe recover calibrationof arbitrarycameracon gura-
tionsusingonly silhouettesaninitial solutionis not avail-
ableto us. Therefore,we needto explore the full space
of possiblesolutions. While a fundamentaimatrix has7
's, we only have to randomlysamplein a 4D spacebe-
causeoncethepositionof the epipolesareknown, thefron-
tier pointscanbe determinedandfrom themtheremaining
degreesof freedomof the epipolargeometrycanbe com-
puted.Herewe proposea RANSAC-basedpproactthatin
asinglestep,allows usto efciently explorethis 4D space
aswell asrobustly dealwith incorrectsilhouettes.
In Section2 we discussthe parameterizatiormf in
termsof the epipolepositions ,  andthehomography
. The basicstepof our algorithm makes a hypothesis
onthepositionof and inthetwo views. This x es
andleavesuswith which canbe determined
if we have a solution for . To compute we need
to pick threepairsof correspondindinesin the two views

. Every satisfyingthe systemof
equations is a valid solution.

Notethattheseequationsarelinearin

3.2.1 Epipole Hypothesisand Computing H

At everyiteration,we randomlychoosehe th framesfrom
eachof thetwo sequencesis shown in Fig. 5(a),we then,

Figure5: (a) The4D hypothesiof the epipoleg(notin pic-
ture). (b) Completecollectionof frontier pointsfor onespe-
ci ¢ epipolehypothesisandonepair of transferrecepipolar

lines , (with largeresidualtransfererror).
randomlysamplendependendirections from and
from for the rst pairof tangentsn thetwo views.
We choosea secondpair of directions from and
from suchthat for where
is drawn from the normaldistribution, 1. Thein-

tersection®f the two pair of tangentgproducegheepipole
hypothesi{ , ). An alternatve approachconsistsof
samplingbothepipoledirectionsrandomlyonaspherg13],
whichin theuncalibratectases equivalentto randomsam-
pling onanellipsoidandyieldscomparableesults.We next
randomly pick anotherpair of frames , and computeei-
therthe rst pair of tangentsr the secondpair. Let usde-
notethisthird pairof linesby tangento and
tangentto (seeFig. 5(a)). is computedfrom
2 Theentities( , , )formthe
modelhypothesidor everyiterationof our algorithm.

1In casesilhouettesareclippedin this frame,the secondpair of direc-
tionscouldbe choserfrom anotherframe.

2For simplicity we assumethat the rst epipolartangentpair corre-
spondsaswell asthe secondpair of tangents. This limitations could be
easilyremaved by verifying bothhypothesegor every randomsample.



3.2.2 Model Veri cation

Oncea modelfor the epipolargeometryis available, we
verify its accurag. We do this by computingtangentdrom
thehypothesizeepipolesto the whole sequencef silhou-
ettesin eachof the two views. For unclippedsilhouettes
we obtaintwo tangentger framewhereadfor clippedsil-
houettesthere may be one or even zero tangents. Every
tangentin the pencilof the rst view is transferredhrough
to the secondview (seeFig. 5(b)) andthe reprojec-
tion errorof thetransferredine from the point of tangeng
in that particularframeis computed.We countthe outliers
that exceeda reprojectionerror threshold(we choosethis
to be5 pixels)andthrow away our hypothesisf the outlier
countexceedsa certainfraction of the total expectedinlier
count. This allows us to abortearly whenever the model
hypothesiss completelyinaccurate(an approachinspired
by [6]). Thustangentdo all thesilhouettes | j
in view , would be computedonly for a promis-
ing hypothesisFor all suchpromisinghypotheseaninlier
countis maintainedusingalowerthresholdwe choosehis
to be 1.5 pixels).

After a solutionwith a sufciently high inlier fraction
has beenfound, or a presetmaximum number of itera-
tions hasbeenexhausted we selectthe solution with the
mostinliers andimprove our estimateof F for this hypoth-
esisthroughan iterative processof non-linearLevenbeg-
Marcquardiminimizationwhile continuingto searcHor ad-
ditionalinliers. Thus,ateveryiterationof theminimization,
we recomputethe pencil of tangentdor the whole silhou-
ettessequence |, j in view , until
theinlier countcorverges. The costfunctionminimizedis
thesymmetricepipolardistancaneasurén bothimages At
thisstagewealsorecoverthefrontierpointcorrespondences
(the pointsof tangeng) for the full sequencef silhouettes
in thetwo views.

3.3 Computing Projective Cameras

Typical approaches$or computingprojectie structureand
motion recovery require correspondencesver at least3
views. However, it is alsopossibleto computethembased
ontwo-view correspondencesevi andWerman[14] have
recentlydescribechow this could be achieved givena sub-
setof all possiblefundamentamatricesbetween views.
They weremainly concernedwith theoreticalanalysisand
their proposedalgorithmis not suitedfor practicalimple-
mentationin thepresencef noise.Herewebrie y describe
our approachwhich providesa projective reconstructiorof
the cameranetwork.

The basicbuilding block that we rst resohe is a set
of 3 cameraswith non-collinearcentersfor which the 3
fundamentalmatrices have beencomputed
(Fig. 6(a),(b)). Giventhose,we uselinear methodsto nd

a consistentsetof projectve cameras and

Eq.1)[9], choosing and asfollows:

(see

(1)

is determineduptoanunknavn 4-vector (Eq.1). Ex-
pressing asafunctionof and weobtain:

2
whichis linearin , suchthatall possiblesolutionsfor
spana4D subspac®f  [14]. We solve for which
yields  , the closestappromixationto in the sub-
space. is obtainedfrom thevalueof from Eq.1. The
resulting arefully consistentvith .
Using the cameratriplet as a building block, we could
handleour -view cameranetwork usingtwo differentin-
ductionsteps.The rst inductionstepis asfollows. Given
a consistentset of camerador the -view camera
network andthe F matrices, and for
and , anew view, we canbuild usingthe
samelinear algorithmusedto resole the 3-view case.We
shaw this inductionstepin Fig. 6(c). An estimateof is
availableif theepipolargeometryof view andview was
computedin the rst phaseof our algorithm. Otherwise,
we couldderive sinceconsistenprojective cameragor
are alreadyknown. The secondinduction step(as
shawvn in Fig. 6(d)) is appliedwhen independensets of
camerador cameranetworks, and , which have the
view in commonare available. Considerthe triplet of
views , and . Basedon Eq. 1, cameras
and canbechosemas,

and  canbeestimatecsimilarto  andthis uniquely
connects and and could be derived indi-

rectly if they arenot alreadyavailablefrom the calibration
procedure.This methodworkswith ~ camerasn general
positionif onecanrobustly computethe epipolargeometry
for at least -view pairs. We usethe view triplet

asthe fundamentabuilding block sincethe -view cam-
eranetwork we solve for, canalwaysbe decomposeihto a
singletrianglestrip. A singletrianglestripwith  vertices
musthave edgedy Euler'srelation.Usingthis ap-
proach,more generalgraphsof fundamentaimatricescan
alsoeasily be dealtwith. For a detaileddiscussionof all

solvablecaseghereadertis referredto [14].

3.4. Computing Metric Cameras

In this sectionwe brie y describehow the projective cali-
brationobtainedby the methoddescribedn 3.3 canbe up-
gradedto a metric calibration. First, we usethelinear self-
calibrationalgorithm [18], to estimatethe transformation



Figure 6: (a) Three non-deyenerateviews for which we
estimateall F matrices. (b) The three-viav case.
is the closestapproximationof we compute. (c)&(d)
Theinductionstepsusedto resole larger graphsusingour
method.

, for eachof the projective cameras.Both the camera
matricesandthe frontier pointsare transformedusing
andtheseareusedto initialize the Euclidearbundleadjust-
ment[21]. At this stagewe couldextendour cameranodel
to includeradialdistortion. The Euclideanbundleproduces
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
synchronizedvithin aframe[20]. Fig. 1 showvsfour corre-
spondingirameseachfrom a differentcamera.The subject
is moving within the overlappingview frustumof these4
views. Occasionallythe subjectss silhouetteis clippedin
someof theviews. All backgroundmageswereavailable.
We selecteda set of keyframesfrom the long 30 fps
videosequencew reduceredundang in our datasetsThis
is preferablebecauseén atypical video sequencethe fron-
tier pointsandthe epipolartangentgemainstaticoverlong
subsequencesOften the motion is periodic and examin-
ing a longer sequencaloesnot necessarilyprovide more
information. To dealwith this issue,we selectedframes
thatyieldednew informationfor alimited setof epipolehy-
pothesegwe usedthe 4 imagecornersin our implementa-
tion). Fromthesehypotheticakpipolesapencilof tangents
are computedto the corvex hull of all the silhouettesfor
eachpair of sequencestachof thesetangentsareinserted
into a high-resolutiorangularbin of size0.2 degreeseach.
We computea minimal subsebf framesthatcoversthe set
of angularbinsin the valid rangeof angles. We endedup

with upto 700 out of 7500framesfrom our sequences.

Figure7: (a) Recoseredcameracon guration and visual-
hull reconstructionof person. (b) The visual hull repro-
jectedbackinto the four correspondingmages. The sil-
houettesarecompletely lled exceptfor fast-maing body
parts.(c) Anotherframein oneof theviews shovstheeffect
of ignoringsub-framesynchronization.

Usingtheapproachdescribedn Section3.2we compute
the epipolargeometryfor all viewpairs. For the epipolehy-
pothesesa randomepipolartangentwas selectedn view

, atangle anda secondone was selectedat
(we chose tobe ). Onanaverage,

we obtainedonecorrectsolution(corvergedto globalmin-
imum after non-linearre nement) for every 5000 hypoth-
esi$. This took approximatelyl5 secondsof computa-

3For the differentcamerapairswe getrespectiely onein 5555,4412,
4168,3409,9375and5357. The frequeng wascomputedover a total of
150,000hypothesidor eachviewpair.



tion time on a 3.0 GHz PIV with 1 GB RAM. Assuming
a Poissondistribution, 15,000hypothesisvould yield ap-
proximately probabilityof nding thecorrectsolution
and50,000hypothesisvould yield probability.

We computedheprojectve cameramatricesor thefour
camerasisedin this experimentfrom the fundamentama-
trices . and were adjusted
sothatthey wereconsistentvith the otherfundementaima-
trices. Theprojectve cameraestimatesverethenimproved
througha projective bundleadjustment{reducingtherepro-
jection error from 4.6 pixelsto 0.44 pixels). The nal re-
projectionerrorafter self-calibrationandmetricbundlead-
justmentwas0.73 pixels. Using theseprojectionmatrices
the visual-hull was constructedas seenin Figure 7(a). To
testthe accurayg of our obtainedcalibration,we projected
the reconstructedrisual hull backinto the images. For a
perfectsystemthe silhouetteswould be lled completely
Mis-calibrationwould give rise to emptyregionsin the sil-
houettes.Thesetestsgave consistentesultson our 4-view
datasef(seeFigure 7(b)). The silhouettesare completely

lled, exceptfor fastmoving bodypartswherethe repro-
jectedvisualhull is sometimes few pixelssmalleron one
side of a silhouette(seeFigure 7(c)). Thisis dueto non-
perfectsynchronizatior{subframeoffsetswereignored)or
poorseggmentatiordueto motionblur or shadavs.

Additional experimentswere performedwith a 2-view
datasethat wasabout1.5 mins. long, and capturedat 30
fps. Fig. 8 shaws two correspondingrameswith a few
epipolarlines correspondingo the fundamentamatrix F,
thatwe compute. The reference~ was computedby man-
ually picking 50 correspondingeaturesusing the method
describedn [9][ Ch.10,p.275]. Our computed- wasused
to transferthese50 featuresfrom the rst view to the sec-
ond andvice-versa. Fig. 8(c) shows the distribution of the
symmetricepipolartransfererror. Theseresultsarecompa-
rablewith theresultsprior to bundleadjustmenfor the rst
setof experiments.

5. Summary and Conclusions

In this paperwe have presente@ completeapproacho ob-
tainthefull metriccalibrationof acameranetwork from sil-
houettes.The coreof the proposednethodis a RANSAC-
basedlgorithmto ef ciently computethefundamentaina-
trix. The proposednethodis bothrobustandaccurate An
importantadvantageof our approachs thatit allows cali-
brating cameranetworks without the needfor the acquisi-
tion of speci c calibrationdata. This can be particularly
relevantwhenphysicalaccesgso the obsened spaceis im-
practicalandwhenrecon gurationof anactive cameranet-
work is requiredduring operationsmakingit suitablefor
suneillancecameranetworks. Our approachs intrinsically
well suitedfor dealingwith widely separatediiews, typ-

(@)
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Figure 8: (a) Two correspondingramesfrom a second
datasetvith correspondingepipolarlines computedby our
algorithm. (b) The distribution of the symmetricepipolar
transfererrorfor the fundamentamatrix we compute cor-

respondingo 50 manuallyclicked points. The root mean
squareresidualwas 1.38 pixels (this is prior to bundlead-
justment.

ical of surwillancecameranetworks andthe robust algo-
rithm we utilize, allows us to deal with noisy silhouettes
causedby poor backgroundsegmentationor motion blur.
Anotheradvantageof our methodis thatit would work well
in the absenceof texture andis insensitve to poor photo-
metric calibration.At this pointwe requirereasonablyvell
synchronizedccamerashput in the future we intendto ex-
plore anextensionof our approactto dealwith unsynchro-
nizedcamerasndreconstrucvisualhulls from unsynchro-
nizedvideo footage. Conceptuallythis could be achieved
by samplingover oneadditionaldimensionWe alsointend
to studymorein detail the possibilitiesof maintainingthe
calibrationof active cameranetworksbasedn silhouettes.
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