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Abstract. In thispaperwediscusstheproblemof recoveringthecalibrationof a
network of pan-tilt-zoomcameras.Theintrinsic parametersof eachcameraover
its full rangeof zoomsettingsareestimatedthrougha two stepprocedure.We
�rst determinetheintrinsic parametersat thecamera's lowestzoomsettingvery
accuratelyby capturinganextendedpanorama.Ourmodelincludestwo parame-
tersof radialdistortion.Thecameraintrinsicsandradialdistortionparametersare
thendeterminedat discretestepsin a monotonicallyincreasingzoomsequence
thatspansthefull zoomrangeof thecameras.Bothstepsarefully automaticand
do not assumeany knowledgeof the scenestructure.We validateour approach
by calibratingtwo differenttypesof pantilt zoomcamerasplacedin anoutdoor
environment.Wealsoshow thehigh-resolutionpanoramicmosaicsbuilt from the
imagescapturedduringthisprocess.Wepresentanapproachfor accuratecompu-
tationof theepipolargeometrybasedon thefull panoramainsteadof individual
imagepairs.Finally, we brie�y discusshow this canbeusedto computetheex-
trinsicsfor all thecamerasandhow our approachcanbe usedin the context of
active cameranetworks.
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1 Intr oduction

Active pan-tilt-zoomcamerasin wide-areasurveillancesystemsallows oneto monitor
a largeareausingonly a few cameras.We referto anunknown arbitrarycon�guration
of camerasin suchanenvironmentasa cameranetwork. During operationsuchcam-
erascanact like high-resolutionomnidirectionalsensors,which canpotentially track
activities over a largeareaandcapturehigh-resolutionimageryaroundthetrackedob-
jects.Active cameranetworkscouldalsobeusedfor 3D modelingof largescenesand
reconstructionof eventsandactivities within a largearea.This paperdescribesa fully
automaticmethodfor calibratinganetwork of suchpantilt zoomcameras,thatdoesnot
requirephysicalaccessto thecamerasor thespacein their �eld of view. Both intrinsics
andextrinsic parametersareestimatedfrom imagescapturedwithin thecamera's full
rangeof pantilt andzoomcon�gurations.Our methodis inherentlyfeature-based,but
doesnot requireacalibrationobjector speci�c structuresin thescene.

Pastwork on active cameracalibrationhasmostlybeendonein a laboratorysetup
usingcalibrationtargetsandLEDsorat leastin acontrolledenvironment.Someof these
includeactive zoomlenscalibrationby Willson et. al. [9, 7,10], self-calibrationfrom
purelyrotatingcamerasby deAgapito[2], andmorerecentlypan-tiltcameracalibration
by Davis et.al. [4]. Ourapproachtowardszoomcalibrationis simplerthanthatof Wil-
son[10] who computedbothfocal lengthandradialdistortionat many differentzoom
settings[10] andis similar to thatof Collins et. al. [3], who calibrateda pan-tilt-zoom
activecamerasystemin anoutdoorenvironment.Howeverweextendthelensdistortion
modelproposedby Collins [3] whoassumedconstantradialdistortionandestimatedit
only at a particularzoomlevel andmodelledits variationusinga magni�cation factor.
We actuallyestimatetheradialdistortioncausedby opticalzoomof thecamera.

Thusin our methodthecameraintrinsicsareestimatedby robustly computingho-
mographiesinducedby rotatingandzoomingthecamera.Intrinsic parametersandra-
dial distortionis �rst estimatedfor thelowestzoomsettingof thecameraby computing
homographiesbetweenmultiple imagesacquiredby a rotatingcamera.Using bundle
adjustment[8], the homographymodel is extendedto take radial distortion into ac-
count.This allow us to build a panoramaof thecompletescenewith sub-pixel align-
menterror. We thenuseanimagesequencefrom thefull zoomrangeof thecamerato
estimatethevariationof its intrinsicswith zoom.Theepipolargeometrybetweentwo
camerasis thenrobustly computedfrom the respective panoramas,asthis providesa
gooddistributionof featuresovera large�eld-of-view. A methodto recoverfull metric
calibrationof all thecamerasin thenetwork from a suf�cient numberof fundamental
matricesbetweencamera-pairsusingonly pair-wisematches,is describedin [1]. The
paperis organisedasfollows.Section2 introducesthecameramodelwhile Section3
explainsthecalibrationprocedure.Section4 addressestheconstructionof panoramas
while calibrationresultsarepresentedin Section5. We concludewith discussionsand
scopefor futurework in Section6.
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Fig.1. Thecamerasweuse:(a)CanonVB-C10.(b) Sony SNC-RZ30.(c) Relevantcameraspec-
i�cations. (d) Ourpin-holecameramodel.(e) Camerarotationandzoom.

2 Theory and Background

2.1 CameraModel

We choseto usea simplepan-tilt-zoom(PTZ) cameramodelandmake a tradeoff for
simplicity over exactnessin our choice,similar to [2,3]. Our modelassumesthat the
centerof rotationof thecamerais �x edandcoincideswith thecamera'scenterof pro-
jectionduringoperation.SomeinexpensivePTZcamerasmayviolatesuchanassump-
tion dependingon its pan-tilt mechanismand more generalmodels[4,9] have been
proposedto dealwith them.However whencamerasareusedoutdoorsor in largeen-
vironments,thedeviation of thecenteris negligible comparedto theaveragedistance
of theobservedfeatures,which aretypically distant.Our experimentswith theCanon
VB-C10 andSony SNC-RZ30surveillancecameras(seeFig. 1 for relevantspeci�ca-
tions)haveshown this modelto bereasonablyaccurate.
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In thepin-holecameramodel(seeFig. 1(d)) for theperspectivecamera,a point C ,
in DFE projective spaceG
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beingthe DONQP rank-3cameraprojectionmatrix.This matrix
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canbedecomposed
asshown in Eq. 1 where
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(Eq.1),where
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camera's R : S pixel aspectratio andskew respectively;
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in pixel in the S directions;(
: ;

,
: 6

) its principalpoint in theimage.Sincewe modelthe
camera's panandtilt movementsby purerotationsaboutits projectioncenter T , we
chooseit astheworld origin andset U

"

=

. Ourgoalis to estimatetheunknown param-
etersof a modelfor

$�VXW Y�W Z

thatprovidestheintrinsicsfor any (pan=
:

; tilt= U ; zoom=[ )
con�guration within theadmissiblePTZ ranges.Theprincipalpoint (

:�;

,
:\6

) andfocal
length

4

dependonly on thecamera'szoom,andnot its stateof panandtilt. Hencethe
unknown intrinsicswewish to estimateareof theform in Eq.2.
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where
2

and
8

, (we assume
8

=0) are constantsfor a particularcameraand [ is its
zoomlevel. Most camerasdeviate from a realpin-holemodeldueto effectsof radial
distortionwhich becomesmoreprominentasthefocal lengthof thecameradecreases.
The DdE point C which projectsto H
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is theparametricmodelfor radialdistortion.Since
the effect of radial distortion diminisheswith increasingfocal length,our model for
radialdistortion,• is alsoa functionof zoom.
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We determinecalibrationover the full zoomrangeby estimating
$']„^F`

and •

]

[
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(as
shown in Eqs.2 and3) at equalstepsof zoomon a logarithmicscale,between[F†ˆ‡Š‰

and [~†Œ‹

;

, the minimum andmaximumoptical zoomlevels respectively. For the VB-
C10andtheSNC-RZ30,( [7†Œ‡Š‰ , [~†Œ‹

;

) was(0,120)and(0,101)respectively. Welinearly
interpolatebetweenthesediscretelevelsto obtainintrinsicsatany stateof zoom.

2.2 Rotating and Zooming Cameras

Hereweconsiderthecaseof arotatingandzoomingcamera.Let R andR�• betheimages
of C taken at two differentinstantsby a camerathat is eitherzoomingor rotatingor
both.Thesepoints, R and Rl• arerelatedto Ž as R
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representstherelative camerarotationaboutits projectioncenterbe-
tweenthetwo viewsand
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is thecameraintrinsicmatrix for thatparticularzoomlevel.
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3 Our Calibration Procedure

An overview of the two phasecalibrationprocedureis shown in Fig. 2. The notation
usedhereis asfollows.   ‡ areimagesacquiredby therotatingcamera.¡ ‡ and ¢¤£ rep-
resentthe homographiesbetweenhorizontalandvertical adjacentpairs in the image
grid. ¥�‡ representsthehomographieswith respectto a referenceimage ~¦ . Theoptimal
homographiesn

¥�‡ , computedthroughBundleI, areusedto obtainan approximatein-
trinsics §

]

[~†Œ‡Š‰

`

at thelowestzoom. n

¨

representscamerarotationmatricesand
¨

k

]

[

`

standsfor theradialdistortionmodelparametersat zoomlevel [ .

Fig.2. Overview of theintrinsicscalibrationprocedure.(a)Theimagegrid ©�ª capturedduringro-
tationat �x edzoomandthemosaiccomputedwith respectto © « . (b) Horizontallyandvertically
adjacentimagesin thegrid shown with thecorrespondingmatches.Featurelists built from fea-
turesvisible in two or moreimagesareillustrated.(c) Successive imagesfrom a zoomsequence
shown with thecorrespondingmatches.
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3.1 Computing Intrinsics at Minimum Zoom

The �rst steptowardscomputingintrinsics is determiningthe intrinsicsat minimum
zoom.This is donefrom imagescapturedfrom a rotatingcameraby computinghomo-
graphies›

•
œ Y

(seeEq.4) betweeneachof themanda chosenreferenceimage.During
a capturephase,imagesareacquiredin a sphericalgrid (seeFig. 2(a)) for certaindis-
cretepanandtilt steps.Fig. 5 shows 18 imagescapturedat 6 panand3 tilt steps.The
homographiesbetweeneveryadjacenthorizontalpairof images,¡Ÿ‡ andbetweenevery
adjacentvertical pair, ¢ £ in the grid arecomputedasdescribedin [5] (Chap.3,page
108).Fig. 2(b) shows a horizontalimagepair anda vertically pair with the respective
matchedfeatures.Oneof theimages,  ¦ is chosenasthereferenceimageandhomogra-
phies,¥ ‡ arecomputedfor everyimage  ‡ , by composingasequenceof transformations,
(

•�•�•

¡ ‹ g�¡O¬

•�•�•

¢ s g�¢ kF­Š­ ) alonga connectedpathbetween  ‡ to   ¦ in the imagegrid as
illustratedin Fig. 2(a). An accurateestimateof ¥ ‡ 's for all the imageswould allow
multi-imagealignmentin theimageplaneof   ¦ . Sinceresidualerrorsaccumulateover
thecomposedhomographies,the�nal mosaicobtainedby aligningall theimages,con-
tainssigni�cant registrationerrors.

Globalimagealignmentandsub-pixel registrationis achievedthroughabundlead-
justment(we usea sparseimplementationto ef�ciently dealwith a large numberof
images)thatalsoestimatestheradialdistortionparameters.Thebundleadjustment[8]
is initializedusingthesetof computedhomographies¥®‡ andbybuildingaglobalfeature
list (seeFig. 2(b)) from the horizontalandvertical pairwisematches.BundleAdjust-
mentperformsglobalminimizationwhichproducesthemaximumlikelihoodestimation
of the modelparameterswhenthe imageerror is assumedto be zero-meanGaussian
noise.This is �rst usedto estimateall the homographies¥

‡ , the radial distortionpa-
rameters•

]

[
†Œ‡�‰

`

andthepanoramafeaturesŽ

£ thatminimizesthemeansquareerror
betweenthe observed imagefeaturesandthe reprojectedpoints.(seeEq. 5). We call
this BundleI in Fig. 2.¯±°³²�´

�

W µM¶

�
�����7·

W

�ˆ¸

†

¹

º »

�

‰

¹

‡

»

�

E

]

R

£

‡

g�•

]

¥
‡

Ž

£

`
`

�

(5)

The accuratehomographiesfrom this bundle, n

¥�‡ areusedto estimate§

]
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using
theHartley'slinearalgorithmfor computingintrinsicsfor apurelyrotatingcamera[11].
Thisvalueof §
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is usedto initialize anotherbundle,BundleII , which re�nes the
estimatesof §
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by minimizing thereprojectionerrorgivenby Eq.6.
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Every IdE homogeneousfeaturepoint, Ž

£ is projectedto aunit cubeandparameterized
as( ¿À‡ , Á ‡ ) wherethethird coordinateis setto +/-1 dependingon theparticularcubeface
that Ž

£ projectsto.

3.2 Zoom SequenceCalibration

Full rangezoomcalibrationcanbe achieved by building a mosaicandrepeatingthe
processdescribedin Sec.3.1 at multiple stepswithin thecamera's zoomrange.How-
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Fig.3. Minimizing thereprojectionerror in a BundleAdjustment.Î\ÏÑÐ¤ÒÔÓ ª„Õ representsthemodel
parameters.Commonparametersare denotedby Ð andview-dependentparametersby Ó . The
valuesof Ð , Ó in differentbundleadjustmentphasesareshown.

ever Hartley [11], showed that moreimagesarerequiredin themosaicasthecamera
progressively zoomsin andits effective �eld-of-view decreasesmakingthe approach
time-consuming.Insteadwe computeintrinsicsover the zoomrangeusingan image
sequence,capturedin a �x eddirectionwith thecameraprogressively zoomingin. We
thenestimatehomographies¡

��Ö�Ö

† ,(seeEq.4) betweeneveryimagepairwithin thisse-
quence.This requiresfewer imagesandis considerablyfaster. The�rst phaseof zoom
calibrationestimates§

]

[
‡

`

and •

]

[
‡

`

, theintrinsicsat zoomlevel, [
‡ for everystepin

the zoomsequence.This is doneusinga pairwisebundleadjustmentthat works with
imagesatzoomsteps[

‡ , [
‡

“

�

, usingthevalueof §

]
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and•

]

[
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�

`

estimatedin the
previousiterationto minimizethereprojectionerrorin Eq.7. A full bundleadjustment
thenre�nes theestimatedparametersby minimizing thesamereprojectionerror over
all theimagesin thesequence.Estimatingradialdistortiononly from azoomsequence
hasinherentambiguitiessincea distortionat a particularzoomcanbecompensatedby
a radial function at anotherzoom.We avoid this ambiguityby keepingthe intrinsics
computedat thelowestzoom�x edin thebundleadjustmentstep.Theuncertaintiesof
theestimatedparametersareusedto determinethezoomlevelsat which theeffect of
radial distortion,namelycoef�cients

v

� andthen
v

�

, becomesnegligible. Wilson [9]
shows that the imagecenteris hardto estimateaccurately. We choseto constrainthe
principalpoint to bethesameasthecenterof radialdistortionin our zoomingcamera
model.
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3.3 Constructing Panoramas

Sec.3.1describestheapproach,similarto thatof [6] for achievingsub-pixelaccuracy in
multi-imagealignmentandcreatingmosaicsfrom imagesacquiredby a rotatingcam-
eraat its lowestvalueof zoom.We couldbuild mosaicsat largefocal lengthstoo (see
Fig. 4). Sincethe unknown focal length

4

is computedthroughthe samebundle,the
cube-mapfaceis chosento beof size I

4

N�I

4

, sincethispreservesthepixel resolution
of theoriginal images.Wehaverenderedpanoramaswith asinglecube-mapfaceatres-
olutionsof 6k N 6k pixels,from 119images(

4

=3120pixelsapprox.5X zoom)in about
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20-25mins.Panoramascreatedat differentresolutionswouldallow backgroundimage
synthesisfor any pan,tilt andzoomat anappropriateresolutionandallow background
differencing,changedetectionandhighprecisioncalculationof PTZsettingsevenif the
cameracontrol is not repeatable.A tile-basedrepresentationis adoptedfor theselarge
imagesto allow ef�cient out-of-coreprocessing.We usea simpleblendingfunction,
(radially weightedaverages)to blend overlappingpixels in the generatedcubemaps.
Betterblendingfunctionscanremovetheartifactscausedby thehighdynamicrangein
thescene,but theserequireestimatesof thecamera's responsefunction.

Fig.4. The front face of the computedcube-maps:(a) Radial distortion was ignored in the
cameramodel (Note that straightlines in the world arenot imagedasstraightlines). (b) Ac-
curate panoramacreatedafter incorporatingradial distortion. (c) High-resolutionpanorama
( ×�ØzØ�ØŸÙ�×�ØzØ�Ø pixels) built from 119 imagesat 5X zoom.Note the zoomed-inregionsof the
panorama,displayedin theoriginal scale.
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3.4 Computing Extrinsics

We proposeto estimatetheextrinsic parametersfor all thecamerasin thenetwork by
computingthepairwiseepipolargeometryfor suf�cient camerapairs.Thefundamental
matrix for a pair of PTZ camerascan be computedmore robustly from the panora-
maswe build. Sincethecamerasarelocatedin the sameenvironment,thepanoramic
imagesareguaranteedto containoverlappingregionswhich arevisible in bothviews.
In spiteof the presenceof moving objectsin the scenewhich gives rise to outliers,
a lot of spatiallywell distributedstatic featuresareguaranteedto exist in mostenvi-
ronments.This allows theuseof completelyunsynchronizedor asynchronouscameras
which acquireimagescompletelyindependentof eachother. The fundamentalmatrix
correspondingto a view-pair is computedby therobustRANSAC-basedalgorithmde-
scribedin [5] (Chap10. page275).Although extractedfeaturesfor eachcameraare
representedby panoramacoordinates,featurecorrespondencesaredeterminedby com-
paringpixelsin theoriginal images.Eachpanoramafeatureis mappedbackinto oneof
the acquiredimagesandits local neighbourhoodin thoseimagesarecomparedusing
a normalizedcross-correlationmeasure.A completemetriccalibrationof all thecam-
erascanbe obtainedfrom a suf�cient numberof fundamentalmatricesandpairwise
matchesusingthemethoddescribedin [1]. This involvescomputingaprojectiverecon-
structionandupgradingit to a metric reconstructionusingself-calibration.However
metric camerascan also be directly obtainedfrom the fundamentalmatricesvia the
essentialmatrix [5] (Chap8, page226), sincethe correspondingintrinsic parameters
have alreadybeencomputed.In this paperwe computeextrinsicsfor a shortbaseline
camera-pairusingthissimplemethod.Howeverfor largercameranetworks,themethod
describedin [1] is moreappropriate.

4 Experimental Results

Herewe presentresultsfrom fully calibratingtwo CanonVB-C10andtwo Sony SNC-
RZ30pantilt zoomcamerasin anoutdoorenvironment.Thecamerasareplacednear
two adjacentwindowsabout3-4metersapartlookingoutataconstructionsiteroughly

?�=d=

N

?

I

=

metersin area.This setupreducedeachcamera'savailable�eld of view for
panto only

?zÚd=

Ö . Henceonly the front faceof thecubemapswe build areinteresting
andhenceshown. Fig. 5 shows the imagesusedin calibrationandFig. 4 theresulting
panoramas. The recoveredintrinsics for the four camerasasa function of zoom
areshown in Fig.6(a).Theprincipalpoint wasfoundto move in a straightline for dif-
ferencezoomsequences.Themotionwasmostnoticeableathighzooms.TheVB-C10
hadalinearmappingof focal lengthto zoomwhereastheSNC-RZ30'sfocal lengthwas
non-linear. Thepixel aspectratio of theVB-C10's andSNC-RZ30's werefoundto be
1.09and0.973respectively while theskew wasassumedto bezero.Repeatedzoomse-
quencecalibrationfor thesamecamerafrom differentdatasets(Fig. 6(b)&(c)) showed
the focal lengthestimationto be quite repeatable.The coef�cients of radial distortion
in ourmodel,

v

�

and
v

� wereestimatedalongwith their respectiveuncertainties.These
uncertaintieswereusedto clamp

v

�

and
v

� to zeroat particularzoomstepsduringthe
pairwisebundleadjustmentdescribedin Sec3.2.Themeanreprojectionerrorfrom the
�nal zoomsequencebundlefor 35-40images,with roughly 200-300featurematches
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(a)

(b)

Fig.5. (a) Top 3 rows: 18 imagescapturedat a �x edzoom(z=0), panandtilt anglesarein de-
grees.The bottom row shows 6 framesfrom a zoom sequenceof 36 imagesfor �x ed pan &
tilt angles.(b) The front facesof panoramiccubemapsbuilt from eachof two camerasplaced
on adjoiningwindows 3-4 metersapartareshown. Thecorrespondingfeaturesanda few corre-
spondingepipolarlinesareshown. An orthographictop-view of therecoveredcamerasandsome
of thereconstructedfeaturepointsareshown uptoanambiguityof scale.



10

(a)

(b)

(c)

Fig.6. (a) The variation of the principal point and focal lengthwith zoom is shown for each
of the four camerasin our experiments.(b) Calibrationresultsof a CanonVB-C10 from six
differentimagesequences.(c) Calibrationresultsof aSony SNC-RZ30from six differentimages
sequences.
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(a)

(b)

(c)

Fig.7. (a) Thevariationof theradialdistortioncoef�cients, Û\Ü and Û¤Ý , with zoomis shown for
our 4 cameras.Theuncertaintiesassociatedwith Û

Ü
and Û

Ý
areshown usingerrorbars. Û

Ý
has

largeruncertaintycomparedto Û
Ü which is estimatedfor a longerzoomrange.(b) and(c) shows

the variationof Û\Ü and Û¤Ý for repeatedcalibrationof a CanonandSony camera,eachusing6
differentimagesequences.

for everysuccessivepairwaswithin 0.43pixels.
For computingextrinsics,at this stagewe concentrateon robustly estimatingthe

fundamentalmatrix from thecubemappanoramas.Our resultsfor a singlecamerapair
areshown in Fig. 5. Thecorrespondingepipolarlinesandthefeaturecorrespondences
extractedby our methodaredisplayed.Themetriccamerasrecoveredvia theessential
matrix andthereconstructedpointsareshown on theright.

5 Conclusions

Wehavepresentedanautomaticmethodfor calibratinganetwork of activePTZcamera
typically usedin surveillancesystems.Thecameraintrinsicsareestimatedover its full
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rangeof pan,tilt, zoomby robustlycomputinghomographiesbetweenimagesacquired
by a rotatingandzoomingcamera.Our calibrationalgorithmalsocomputesaccurate
panoramasby building a mosaicfrom imageacquiredby thecamerarotatingat �x ed
zoom.The cameraextrinsicsarethenrobustly determinedby estimatingthe epipolar
geometryfrom a pair of panoramas.In future we will work on maintainingcalibra-
tion of active camerasin operationanddeterminethe degreeof repeatabilityof their
PTZ mechanisms.A lack of repeatabilitywill be addressedby building an ef�cient
closed-loopsystem,that re-estimatesthe calibrationeverytimethe cameramoves,by
registeringits imageswith apre-computedcalibratedpanoramaof thebackground.The
pan-tilt-zoomcameradescribedhere,canpotentiallyproduceextremelydetailedomni-
directionalimagesby virtueof their longzoomrange.Sincestitchingthewholemosaic
is expensiveathighresolutions,wearecurrentlyexploringanef�cient multi resolution
framework for renderingvery largepanoramasusingaheirarchyof zooms.
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