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Abstract. In this papemnwe discusgheproblemof recoreringthecalibrationof a
network of pan-tilt-zoomcamerasTheintrinsic parametersf eachcameraover
its full rangeof zoomsettingsare estimatedhrougha two stepprocedure We
rst determinetheintrinsic parametersit the cameras lowestzoomsettingvery
accuratelyby capturinganextendedpanoramaOur modelincludestwo parame-
tersof radialdistortion.Thecamerantrinsicsandradialdistortionparameterare
thendeterminedat discretestepsin a monotonicallyincreasingzoomsequence
thatspanghefull zoomrangeof thecamerasBoth stepsarefully automaticand
do not assumeary knowledgeof the scenestructure We validateour approach
by calibratingtwo differenttypesof pantilt zoomcameragplacedin anoutdoor
ervironment.We alsoshav the high-resolutiorpanoramianosaicguilt fromthe
imagescapturedduringthis processWe presenanapproacHor accurate&eompu-
tation of the epipolargeometrybasedon thefull panoramansteadof individual
imagepairs.Finally, we brie y discusshow this canbe usedto computethe ex-
trinsicsfor all the camerasandhow our approachcanbe usedin the contet of
active cameranetworks.



1 Intr oduction

Active pan-tilt-zoomcamerasn wide-areasur\eillancesystemsallows oneto monitor
alarge areausingonly a few camerasWe referto anunknown arbitrarycon guration
of camerasn suchan ervironmentasa cameranetwork. During operationsuchcam-
erascanactlike high-resolutionomnidirectionalsensorswhich canpotentially track
activities over alarge areaandcapturehigh-resolutionmageryaroundthe tracked ob-
jects.Active cameranetworks could alsobe usedfor 3D modelingof large scenesand
reconstructiorof eventsandactiities within alarge area.This paperdescribes fully

automatianethodfor calibratinganetwork of suchpantilt zoomcamerasthatdoesnot
requirephysicalaccesso thecamera®r thespacen their eld of view. Bothintrinsics
andextrinsic parameterare estimatedrom imagescapturedwithin the cameras full

rangeof pantilt andzoomcon gurations.Our methodis inherentlyfeature-basedyut
doesnotrequirea calibrationobjector speci ¢ structuresn thescene.

Pastwork on active cameracalibrationhasmostly beendonein alaboratorysetup
usingcalibrationtargetsandLEDs or atleastin acontrolledervironment.Someof these
include active zoomlenscalibrationby Willson et. al. [9, 7,10], self-calibrationfrom
purelyrotatingcamerady deAgapitg2], andmorerecentlypan-tilt cameracalibration
by Davis et. al. [4]. Ourapproachowardszoomcalibrationis simplerthanthatof Wil-
son[10] who computedbothfocal lengthandradial distortionat mary differentzoom
settings[10] andis similar to thatof Collins et. al. [3], who calibrateda pan-tilt-zoom
active camerasystenin anoutdoorernvironment.Howeverwe extendthelensdistortion
modelproposedy Collins [3] who assumedonstantadialdistortionandestimatedt
only at a particularzoomlevel andmodelledits variationusinga magni cationfactor
We actuallyestimatehe radialdistortioncausedy opticalzoomof thecamera.

Thusin our methodthe cameraintrinsicsareestimateddy robustly computingho-
mographiesnducedby rotatingandzoomingthe cameralntrinsic parameterandra-
dial distortionis rst estimatedor thelowestzoomsettingof the cameraby computing
homographiebetweenmultiple imagesacquiredby a rotating camera.Using bundle
adjustment8], the homographymodelis extendedto take radial distortioninto ac-
count. This allow usto build a panoramaf the completescenewith sub-pixel align-
menterror. We thenuseanimagesequencérom the full zoomrangeof the camerao
estimatethe variationof its intrinsicswith zoom. The epipolargeometrybetweenwo
camerass thenrobustly computedirom the respectie panoramasasthis providesa
gooddistribution of featuresoveralarge eld-of-vie w. A methodto recoverfull metric
calibrationof all the camerasn the network from a sufcient numberof fundamental
matricesbetweencamera-pairsisingonly pairwise matchesjs describedn [1]. The
paperis organisedasfollows. Section2 introducesthe cameramodelwhile Section3
explainsthe calibrationprocedure Section4 addressethe constructionof panoramas
while calibrationresultsarepresentedn Section5. We concludewith discussionand
scopefor futurework in Section6.
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Fig. 1. Thecamerasve use:(a) CanonVB-C10. (b) Sory SNC-RZ30.c) Relevantcameraspec-
i cations. (d) Our pin-holecameramodel.(e) Cameraotationandzoom.

2 Theory and Background

2.1 CameraModel

We choseto usea simple pan-tilt-zoom(PTZ) cameramodeland make a tradeof for
simplicity over exactnessn our choice,similar to [2, 3]. Our modelassumeshatthe
centerof rotationof the cameras x edandcoincideswith the cameras centerof pro-
jectionduringoperation Someinexpensve PTZ camerasnay violate suchanassump-
tion dependingon its pan-tilt mechanismand more generalmodels[4, 9] have been
proposedo dealwith them.However whencamerasreusedoutdoorsor in large en-
vironments the deviation of the centeris negligible comparedo the averagedistance
of the obsened featureswhich aretypically distant.Our experimentswith the Canon
VB-C10 andSory SNC-RZ30surweillancecameragseeFig. 1 for relevantspeci ca-
tions) have shovn this modelto bereasonablhaccurate.

(1)

In the pin-holecameramodel(seeFig. 1(d)) for the perspectie cameraapoint
in projectve space  projectsto a point , onthe projectve plane  (the
imageplane).This canberepresentetly amapping suchthat ,

beingthe rank-3camergprojectionmatrix. Thismatrix ~canbedecomposed
asshavnin Eq.1 where representshe camerantrinsicswhile and represents
the camerapositionand orientationwith respecto the world coordinatesystem.The
matrix canbeexpressedntermsof , , , and (Eq.1l),where and arethe
camerad : pixel aspectatio andskew respectiely; its focal length , measured



in pixelin the directions;( , ) its principalpointin theimage.Sincewe modelthe
cameras panandtilt movementsby purerotationsaboutits projectioncenter , we
choosdt astheworld origin andset . Ourgoalis to estimateheunknavn param-
etersof a modelfor thatprovidestheintrinsicsfor ary (pan=; tilt= ; zoom=)

con guration within the admissiblePTZ rangesThe principalpoint( , ) andfocal

length dependonly onthecameras zoom,andnotits stateof panandtilt. Hencethe
unknawn intrinsicswe wish to estimateareof theformin Eqg. 2.

(@)

where and , (we assume =0) are constantsfor a particularcameraand s its
zoomlevel. Most cameradeviate from a real pin-hole modeldueto effectsof radial
distortionwhich becomesnoreprominentasthe focal lengthof the cameradecreases.
The point  which projectsto underthe pin-hole model actually
getsimagedat ( , ) dueto radial distortionasshavn in Eq. 3. is
the radial distanceof  from the centerof distortion( , ) and is a distortion
factordeterminedy . Thefunction is representeds

and is the parametrianodelfor radial distortion.Since
the effect of radial distortion diminisheswith increasingfocal length, our model for
radialdistortion, is alsoafunctionof zoom.

3)

We determinecalibrationover the full zoomrangeby estimating and (as
shown in Egs.2 and 3) at equalstepsof zoomon a logarithmicscale,between

and , the minimum and maximumoptical zoomlevels respectiely. For the VB-
C10andthe SNC-RZ30( , ) was(0,120)and(0,101)respectiely. Welinearly
interpolatebetweerthesediscretdevelsto obtainintrinsicsat any stateof zoom.

2.2 Rotating and Zooming Cameras

Herewe consideithecaseof arotatingandzoomingcameraLet and betheimages
of takenat two differentinstantsby a camerathatis eitherzoomingor rotatingor

both.Thesepoints, and arerelatedto as [ 1 and [ ]
Hence, . In our model,the intrinsicsremainthe samefor pure
rotationatconstanzoom,andhencehisequatiorreducego where

representshe relative camerarotationaboutits projectioncenterbe-
tweenthetwo viewsand is thecamerantrinsic matrix for thatparticularzoomlevel.
Similarly for azoomingcamerawith x edcenterof projection, . These
homographiesrerepresentetly and (seeEq.4).

(4)
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3 Our Calibration Procedure

An overview of the two phasecalibrationprocedurds shavn in Fig. 2. The notation
usedhereis asfollows. areimagesacquiredby therotatingcamera. and rep-
resentthe homographiedwetweenhorizontaland vertical adjacentpairsin the image
grid. representshehomographiesvith respecto areferencamage . Theoptimal
homographies , computedthroughBundlel, are usedto obtainan approximatein-
trinsics atthelowestzoom. representsameraotationmatricesand
standdor theradialdistortionmodelparameterst zoomlevel
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Fig. 2. Overview of theintrinsicscalibrationprocedure(a) Theimagegrid  capturedduringro-
tationat x edzoomandthe mosaiccomputedwith respecto . (b) Horizontallyandvertically
adjacenimagesin the grid shavn with the correspondingnatchesFeaturdists built from fea-
turesvisible in two or moreimagesareillustrated.(c) Successie imagesfrom azoomsequence
shawvn with the correspondingnatches.



3.1 Computing Intrinsics at Minimum Zoom

The rst steptowardscomputingintrinsicsis determiningthe intrinsics at minimum
zoom.Thisis donefrom imagescapturedrom arotatingcameraby computinghomo-
graphies (seeEq. 4) betweereachof themanda choserreferencéamage.During
a capturephasejmagesareacquiredin a sphericalgrid (seeFig. 2(a)) for certaindis-
cretepanandtilt steps.Fig. 5 shavs 18 imagescapturedat 6 pananda3 tilt steps.The
homographiebetweerevery adjacentorizontalpairof images, andbetweerevery
adjacentvertical pair,  in the grid are computedas describedn [5] (Chap.3,page
108).Fig. 2(b) showns a horizontalimagepair anda vertically pair with the respectre
matchedeaturesOneof theimages, is choserasthereferencémageandhomogra-
phies, arecomputedor everyimage ,bycomposingasequenceftransformations,
( ) alonga connectecpathbetween to in theimagegrid as
illustratedin Fig. 2(a). An accurateestimateof 's for all the imageswould allow
multi-imagealignmentin theimageplaneof . Sinceresidualerrorsaccumulatever
thecomposedomographieghe nal mosaicobtainedby aligningall theimagesgon-
tainssigni cant registrationerrors.

Globalimagealignmentandsub-pixel registrationis achiezedthrougha bundlead-
justment(we usea sparsemplementatiorto ef ciently dealwith a large numberof
images)hatalsoestimatesheradial distortionparametersThe bundleadjustmen{8]
isinitialized usingthesetof computechomographies andby building aglobalfeature
list (seeFig. 2(b)) from the horizontaland vertical pairwisematchesBundle Adjust-
mentperformsglobalminimizationwhich produceshemaximumlik elihoodestimation
of the modelparametersvhenthe imageerroris assumedo be zero-mearzaussian
noise.Thisis rst usedto estimateall the homographies , the radial distortion pa-
rameters andthepanoramdeatures  thatminimizesthe meansquareerror
betweenthe obsenedimagefeaturesandthe reprojectedpoints. (seeEg. 5). We call
this Bundlel in Fig. 2.

()

The accuratehomographiegrom this bundle, areusedto estimate using
theHartley'slinearalgorithmfor computingintrinsicsfor apurelyrotatingcamerg11].
Thisvalueof is usedto initialize anotheundle,Bundlell, whichre nesthe
estimateof , by minimizing thereprojectiorerrorgivenby Eq. 6.

(6)

Every  homogeneouteaturepoint, s projectedo aunit cubeandparameterized
as( , ) wherethethird coordinatds setto +/-1 dependingon the particularcubeface
that  projectsto.

3.2 Zoom SequenceCalibration

Full rangezoom calibrationcan be achieved by building a mosaicand repeatingthe
procesdescribedn Sec.3.1 at multiple stepswithin the cameras zoomrange.How-
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Fig. 3. Minimizing thereprojectionerrorin a Bundle Adjustment. representshe model
parametersCommonparametersare denotedby andview-dependenparameterdy . The
valuesof , in differentbundleadjustmenphasesareshavn.

ever Hartley [11], shoved thatmoreimagesare requiredin the mosaicasthe camera
progressiely zoomsin andits effective eld-of-view decreasemakingthe approach
time-consuminglnsteadwe computeintrinsics over the zoomrangeusing animage
sequencegapturedn a x eddirectionwith the camergprogressiely zoomingin. We
thenestimatehomographies ,(seeEq.4) betweereveryimagepairwithin thisse-
quenceThis requiresfewerimagesandis considerablyfaster The rst phaseof zoom
calibrationestimates and , theintrinsicsatzoomlevel, for every stepin
the zoomsequenceThis is doneusinga pairwisebundle adjustmenthat works with
imagesatzoomsteps , usingthevalueof and estimatedn the
previousiterationto minimizethereprojectiorerrorin Eq. 7. A full bundleadjustment
thenre nes the estimatecdparameterdy minimizing the samereprojectionerror over
all theimagesin the sequenceEstimatingradialdistortiononly from azoomsequence
hasinherentambiguitiessincea distortionat a particularzoomcanbe compensatetly
a radial function at anotherzoom. We avoid this ambiguity by keepingthe intrinsics
computedat thelowestzoom x edin the bundleadjustmenstep.The uncertaintieof
the estimatecbarameterare usedto determinethe zoomlevels at which the effect of
radial distortion,namelycoefcients  andthen , becomesgjligible. Wilson [9]
shows that the imagecenteris hardto estimateaccuratelyWe choseto constrainthe
principal point to be the sameasthe centerof radial distortionin our zoomingcamera
model.

(7)

3.3 Constructing Panoramas

Sec.3.1describesheapproachsimilarto thatof [6] for achiering sub-pixelaccurag in

multi-imagealignmentand creatingmosaicsgrom imagesacquiredby a rotatingcam-
eraatits lowestvalueof zoom.We could build mosaicsat large focal lengthstoo (see
Fig. 4). Sincethe unknowvn focal length  is computedthroughthe samebundle,the
cube-magaceis choserto beof size , Sincethis preseresthe pixel resolution
of theoriginalimagesWe have rendereganoramasvith asinglecube-magaceatres-
olutionsof 6k 6k pixels,from 119imageq =3120pixelsapprox.5X zoom)in about



20-25mins.Panoramasreatedat differentresolutionsvould allow backgroundmage
synthesidor ary pan,tilt andzoomatanappropriateesolutionandallow background
differencingchangedetectiorandhigh precisioncalculationof PTZ settingsevenif the
cameracontrolis not repeatableA tile-basedrepresentatiors adoptedor theselarge
imagesto allow ef cient out-of-coreprocessingWe usea simple blendingfunction,
(radially weightedaverages)o blend overlappingpixelsin the generateccubemaps.
Betterblendingfunctionscanremove the artifactscausedy the high dynamicrangein
thesceneput theserequireestimate®f the cameras responsédunction.

Fig.4. The front face of the computedcube-maps{a) Radial distortion was ignoredin the
cameramodel (Note that straightlines in the world are not imagedas straightlines). (b) Ac-
curate panoramacreatedafter incorporatingradial distortion. (c) High-resolutionpanorama

( pixels) built from 119 imagesat 5X zoom. Note the zoomed-inregions of the
panoramadisplayedn theoriginal scale.



3.4 Computing Extrinsics

We proposeto estimatethe extrinsic parametergor all the camerasn the network by
computingthe pairwiseepipolargeometryfor sufcient camergairs.Thefundamental
matrix for a pair of PTZ camerascan be computedmore robustly from the panora-
maswe build. Sincethe camerasarelocatedin the sameervironment,the panoramic
imagesareguaranteedo containoverlappingregionswhich arevisible in both views.
In spite of the presenceof moving objectsin the scenewhich givesrise to outliers,
a lot of spatiallywell distributed static featuresare guaranteedo exist in mosternvi-
ronmentsThis allows the useof completelyunsynchronize@r asynchronousameras
which acquireimagescompletelyindependenof eachother The fundamentamatrix
correspondingo a view-pairis computeddy therobustRANSAC-basedilgorithmde-
scribedin [5] (Chap10. page275). Although extractedfeaturesfor eachcameraare
representetly panoramaoordinatesfeaturecorrespondencemedeterminecdy com-
paringpixelsin the originalimages Eachpanoramdeatureis mappedackinto oneof
the acquiredimagesandits local neighbourhoodn thoseimagesare comparedusing
anormalizedcross-correlatiomeasureA completemetric calibrationof all the cam-
erascan be obtainedfrom a sufcient numberof fundamentaimatricesand pairwise
matchesusingthemethoddescribedn [1]. Thisinvolvescomputingaprojectverecon-
structionand upgradingit to a metric reconstructiorusing self-calibration.However
metric camerascan also be directly obtainedfrom the fundamentamatricesvia the
essentiaimatrix [5] (Chap8, page226), sincethe correspondingntrinsic parameters
have alreadybeencomputedln this paperwe computeextrinsicsfor a shortbaseline
camera-paiusingthis simplemethod Howeverfor largercameranetworks,themethod
describedn [1] is moreappropriate.

4 Experimental Results

Herewe presentesultsfrom fully calibratingtwo CanonVB-C10 andtwo Sory SNC-
RZ30 pantilt zoomcamerasn an outdoorervironment.The camerasre placednear
two adjacenwindows about3-4 metersapartlooking out at a constructiorsite roughly
metersin area.This setupreduceceachcamerad available eld of view for
panto only . Henceonly the front faceof the cubemapsve build areinteresting
andhenceshavn. Fig. 5 shawvs the imagesusedin calibrationandFig. 4 theresulting
panoramas. The recoveredintrinsicsfor the four camerasasa function of zoom
areshavn in Fig.6(a). The principal point wasfoundto move in a straightline for dif-
ferencezoomsequenced he motionwasmostnoticeableat high zooms.TheVB-C10
hadalinearmappingof focallengthto zoomwhereagshe SNC-RZ305focallengthwas
non-linear The pixel aspectatio of the VB-C10's and SNC-RZ305 werefoundto be
1.09and0.973respectiely while the skew wasassumedo bezero.Repeatedoomse-
quencecalibrationfor the samecamerarom differentdatasetgFig. 6(b)&(c)) shoved
the focal lengthestimationto be quite repeatableThe coefcients of radial distortion
inourmodel, and wereestimatedalongwith theirrespectie uncertaintiesThese
uncertaintiesvereusedto clamp and to zeroat particularzoomstepsduringthe
pairwisebundleadjustmentiescribedn Sec3.2. The meanreprojectionerrorfrom the
nal zoomsequencéundlefor 35-40images,with roughly 200-300featurematches
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Fig.5. (a) Top 3 rows: 18 imagescapturedat a x ed zoom(z=0), panandtilt anglesarein de-
grees.The bottomrow shavs 6 framesfrom a zoom sequencef 36 imagesfor x ed pan&

tilt angles.(b) The front facesof panoramiccubemapsuilt from eachof two camerasglaced
on adjoiningwindows 3-4 metersapartareshovn. The correspondindeaturesanda few corre-
spondingepipolarlinesareshavn. An orthographicop-view of therecoreredcamerasndsome

of thereconstructedeaturepointsareshavn uptoanambiguityof scale.
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Fig. 6. (a) The variation of the principal point and focal length with zoomis shawvn for each
of the four camerasdn our experiments.(b) Calibrationresultsof a CanonVB-C10 from six
differentimagesequencegc) Calibrationresultsof a Sory SNC-RZ30from six differentimages

sequences.
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Fig. 7. (a) Thevariationof theradial distortioncoefcients, and , with zoomis shawn for
our 4 camerasThe uncertaintiesassociatedvith and areshawvn usingerrorbars. has
largeruncertaintycomparedo  whichis estimatedor alongerzoomrange.(b) and(c) shavs
thevariationof ~and for repeatectalibrationof a Canonand Sory camerageachusing 6
differentimagesequences.

for every successie pair waswithin 0.43pixels.

For computingextrinsics, at this stagewe concentrateon robustly estimatingthe
fundamentamatrix from the cubemagpanoramasOur resultsfor a singlecamerapair
areshown in Fig. 5. The correspondingepipolarlines andthe featurecorrespondences
extractedby our methodaredisplayed.The metriccamerasecoveredvia the essential
matrix andthereconstructeghointsareshavn ontheright.

5 Conclusions

We have presente@nautomatianethodfor calibratinga network of actve PTZ camera
typically usedin suneillancesystemsThe camerantrinsicsareestimatedver its full
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rangeof pan,tilt, zoomby robustly computinghomographiebetweerimagesacquired
by a rotatingand zoomingcamera Our calibrationalgorithmalso computesaccurate
panorama®y building a mosaicfrom imageacquiredby the camerarotatingat x ed
zoom. The cameraextrinsics are thenrobustly determinedby estimatingthe epipolar
geometryfrom a pair of panoramasln future we will work on maintainingcalibra-
tion of active camerasn operationand determinethe degreeof repeatabilityof their
PTZ mechanismsA lack of repeatabilitywill be addressedby building an ef cient
closed-loopsystem that re-estimateshe calibrationeverytime the cameramoves,by
registeringits imageswith a pre-computedalibratedoanoramaf thebackgroundThe
pan-tilt-zoomcameralescribedhere,canpotentiallyproduceextremelydetailedomni-
directionalimagesby virtue of theirlong zoomrange Sincestitchingthewholemosaic
is expensve at high resolutionswe arecurrentlyexploring anef cient multi resolution
framework for renderingvery large panoramasisinga heirarchyof zooms.
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