Towards Generic Self-Calibration of Central Cameras

SrikumarRamalingan¥?, PeterSturmt, andSuresiK. Lodh&
LINRIA Rhone-Alpes GRAVIR-CNRS,38330Montbonnot,France
2 Dept. of ComputerScienceUniversity of California, SantaCruz,CA 95064,USA
f SrikumarRamalingamPeterSturng@inrialpes.frlodha@soe.ucsc.edu

Abstract

We considerthe self-calibration problem for the generic

imaging modelthatassigngrojectionraysto pixelswithout

a parametricmapping In this paper we considerthe cen-

tral variant of this model,which encompasseall camen

modelswith a single effective viewpoint. Self-calibation

refersto calibratinga camear's projectionrays,purely from

matdesbetweerimages,i.e. withoutknowledg aboutthe

scenesudh asusinga calibration grid. Thispaperpresents
our r st stepstowards generic self-calibation; we con-

siderspeci ¢ camer motionsconcietely pure translations
and rotations, although without knowing rotation angles
etc. Knowledg of the type of motion, togetherwith image

matdes givesgeometricconstaintsontheprojectionrays.

Theseconstaints are formulatedand we showfor exam-

ple that with translationalmotionsalone self-calibration

can alreadybe performed,but only up to an af ne trans-

formationof the setof projectionrays. We thenproposea

practicalalgorithmfor full metricself-calibmation,thatuses
rotationalandtranslationalmotions.

1. Intr oduction

Many differenttypesof camerashave beenusedin com-
putervision. Existing calibrationandself-calibrationpro-
ceduresare often taylormadefor speci c cameramodels,
mostlyfor pinholecameragpossiblyincludingradialor de-
centeringdistortion), sheyes,speci c typesof catadioptric
camera®tc. seeexamplese.g.in[1, 2,7,4,9, 11].

A few works have proposedcalibration methodsfor a
highly genericcameramodelthat encompassethe above
mentionednodelsandotherg[5, 3, 6, 15, 14]: acameraac-
quiresimagesconsistingof pixels;eachpixel capturedight
that travels along a projectionray in 3D. Projectionrays
mayin principle be positionedarbitrarily, i.e. no functional
relationshipbetweenprojectionrays and pixels, governed
by a few intrinsic parametersis assumed.Calibrationis
thusdescribedy:

the coordinatef theserays(givenin somelocal co-
ordinateframe).

the mappingbetweerraysandpixels; this is basically
asimpleindexing.

One motivation of the cited works is to provide e xi-
ble calibrationmethodsthat shouldwork for mary differ-
entcameraypes.More importantlythesecalibrationworks
alsoprovide the e xibility to build never camerador spe-
cial applicationsandstill calibratethemwith existing tech-
nigues. The proposedmethodsrely on the useof a cali-
brationgrid and someof them on equipmentto carry out
preciselyknown motions.

The work presentedn this paperaimsat further e xi-
bility, by addressinghe problemof self-calibrationfor the
above genericcameramodel. The fundamentaljuestions
are: can one calibratethe genericimaging model, with-
outary informationotherthanimagecorrespondenceand
how? This work presentsa rst stepin this direction, by
presentingprinciplesand methodsfor self-calibrationus-
ing speci ¢c cameramotions. Concretelywe considerhow
purerotationsandpuretranslationsnayenablegenericself-
calibration.

Furtherwe considerthe cental variantof the imaging
model,i.e. the existenceof anoptical centerthroughwhich
all projectionrayspass,is assumed.Besidesthis assump-
tion, projectionraysareunconstrainedlthoughwe doneed
somecontinuity(neighboringpixelsshouldhave “neighbor
ing” projectionrays),in orderto matchimages.

2. Problem Formulation

We want to calibratea centralcamerawith n pixels. To
do so, we have to recover the directionsof the associated
projectionrays,in somecommoncoordinateframe. Rays
needonly be recoveredup to a euclideantransformation,
i.e. ray directionsneedonly be computedup to rotation.
Let usdenoteby D, the 3-vectordescribingthe direction
of theray associatedavith the pixel p.

Input for computingray directionsare pixel correspon-
dencedetweerimagesandthe knowledgethatthe motion
betweernimagess apurerotationor a puretranslationwith
unknown angleor length). For simplicity of presentation,
we assumehatwe have densematcheverspaceandtime,
i.e. we assumethat for ary pixel p, we have determined
all pixelsthat matchp at somestageduring the rotational
or translationaimotion. Let us call a completesuchsetof
matchingpixels,a ow curve Flow curvescanbeobtained



from multiple imagesundegoing the samemotion (rota-
tions aboutsameaxis but not necessarilyby the samean-
gle; translationin samedirection but not necessarilywith
constanspeed)r from justapair of images andl °

In Figure1 we shov o w curvesobtainedfrom a single
imagepair eachfor a puretranslationand a pure rotation
aboutan axis passinghroughthe optical center Let p and
p° refer to two matchingpixels, i.e. pixels observingthe
same3D pointin | andl % Let p®referto the pixel thatin
| “matchego pixel pin | . Similarly let p°®bethe pixel that
in 19 matchego pixel p®in |, andsoforth. The sequence
of pixels p; p% p® p°::: givesa subsetof a ow curve.
A dense ow curve can be obtainedin several ways: by
interpolationor fusionof suchsubset®f matchingpixelsor
by fusingthematche®btainedrom multipleimagedor the
samemotion(constantotationaxisor translatiordirection,
but varyingspeed).

Figure1: lllustration of ow curves: translationalmotion
(top) androtationalmotion (bottom).

3. Constraints From Speci ¢ Camera
Motions

We explain constrainton self-calibrationof projectionray
directionsthatareobtainedrom o w curvesdueto speci ¢
cameranotions:onetranslationabr onerotationalmotion.

3.1 One Translational Motion

Considertwo matchingpixelsp andgq, i.e. the scenepoint
seerin pixel pin imagel, is seerin image2 in pixel g. Due
to the motion being purely translational this implies that
theprojectionraysof thesetwo pixels,andthe motionline,
theray alongwhich the centerof the cameramoveswhile
undegoingpuretranslationarecoplanar(they indeedform

anepipolamlane althoughwe won't usethis notationin the
following).

It is obviousthatthis statemenextendsto all pixelsin a

o w curve: their projectionraysareall coplanar(andthat
they arecoplanamwith the motionline). We concludethat
theray directionsof the pixelsin a o w curve, lie on one
line atin nity . Thatline atin nity alsocontainsthedirec-
tion of motion.

When consideringall ow curvesfor onetranslational
motion, we thus concludethat the ray directionsof pixels
aregroupedinto a pencil of lines atin nity , whosevertex
is the directionof motion. Clearly, thesecollinearity con-
straintstell us somethingaboutthe cameras calibration.

Whencountingdegreesof freedom,we obsene the fol-
lowing: at the outset,the directionsfor our n pixels, have
2n dggreesof freedom(minusthe 3 for rotationR). Dueto
thetranslationamotion, thisis reducedo:

2 dof for themotiondirection

1 dofper o w curve(for theline atin nity , thatis con-
strainedo containthe motiondirection)

1 dof perpixel (the positionof its ray alongtheline at
in nity of its o w curve).

minus3 dof for R.

3.2 OneRotational Motion

LetL betherotationaxis(goingthroughtheopticalcenter).
Considertwo matchingpixelsp andg. Clearly, the associ-
atedrayslie on aright conewith L asaxisandthe optical
centerasvertex, i.e. theanglesthe two raysform with the
rotationaxisL , areequal.Naturally, theraysof all pixelsin
a ow curve,lie onthatcone.Each o w curveis associated
with onesuchcone.

When countingdegreesof freedom,we so far obsene
the following. Due to the rotationalmotion, the following
dof remain:

2 dof for the directionof therotationaxis

1 dof per o w cune (for the openingangleof the as-
sociateccone).

1 dof per pixel (the “position” of its ray alongthe as-
sociatedcone).

minus3 dof for R.

We have not yet exploited all information that is pro-
vided by the rotationalmotion. Besidesthe knowledgeof
rayslying onthe samecone,we have moreinformation,as
follows. Let  bethe (unknown) angleof rotation. Then,
the angularseparatiorbetweenary two rayswhosepixels
matchin thetwo imagesjs equalto . Hencetheraysfor
eachsetof pixelsthataretransitve 2-view matchescanbe
parameterizelly asingleparametefan“offset” angle).We
remainwith:



2 dof for thedirectionof therotationaxis
1 dof for therotationangle

1 dof per o w cune (for the openingangleof the as-
sociateccone).

1 dof persetof matchingpixels(the“offset” of its ray
alongtheassociatedone).

minus3 dof for R.

Optical
center

Axis of rotation

Figure2: Theraysof the pixelsin the rotation o w curve
formacone.

3.2.1 ClosedFlow Curves

Let us considerwhatwe cando in addition,if the rotation
axis“pierces”theimage,i.e. if thereis a pixel whoseray is
collinearwith therotationaxis. Then,in thevicinity of that
pixel, closed o w curvescanbe obtained.For example for
apinholecamerawith squarepixelsandno skew, arotation
aboutits optical axis produceso w curvesin the form of
circlescenteredn the principal point, coveringalarge part
of theimage.

What doesa closed o w curve give us? Let us “start”
with somepixel p on a closed o w curve, andlet us“hop”
from one matchingpixel to another as explainedin Fig-
ure 1. We countthe numberof pixelsuntil we getbackto
p. Then,therotationangle canbe computedby divid-
ing 360 by that number Of course,pixel hoppingmay
not alwaysleadus exactly to the pixel we startedwith, but
by interpolation,we canget a good approximationfor
Furthermorethis canbe doneby startingfrom every single
pixel on every closed o w curve,andwe mayhopeto geta
goodaverageestimationof

4. Multiple Translational Motions

In this section,we explain that multiple translationalmo-
tions allow to recover cameracalibrationup to an afne
transformation. First, it is easyto explain that no more
thanan afne “reconstruction”of projectionraysis pos-
sible here. Let us considerone valid solutionfor all ray
directionsD, i.e. ray directionsthat satisfyall collinearity
constraintassociatedvith o w curves(cf. section3.1). Let
ustransformall ray directionsby anaf ne transformatiorof
3-space

A b

or 1

i.e.weapplythe3 3 homographyA totheD;. Thismay
be seenas a projective transformationinside the plane at
in nity , althoughwe preferto avoid ary possibleconfusion
by suchaninterpretationandsimply think of the mapping
asanafne one. Clearly theD? = AD; alsosatisfyall

collinearity constraintg(collinearity is presered by afne

andprojective transformations).

This situationis very similar to whathasbeenobsened
for perspectrecamerasacompletelyuncalibrategerspec-
tive cameracanbe seenasonewhoseraysareknown up to
anafne transformatiorof 3-spacetherole of A is played
by the productKR of calibrationandrotationmatrix; since
calibrationis only requiredup to rotation,only K matters.
So, the rays of a perspectie cameraare always (at least)
“af nely” calibrated(not to confusewith the conceptof
afne calibrationof a stereosystem). Even with uncali-
bratedperspectie cameras3D reconstructioris possible,
but only up to projective transformationsNow, whenmov-
ing acamerady puretranslationsnofurtherinformationon
calibrationcanbe gained althougha projective reconstruc-
tion maybeupgradedo af ne [12].

Comingbackto our genericcameramodel,it is thusob-
vious thatfrom puretranslationswe cannot reachfarther
thanrecoveringtheraysupto anaf ne transformatior(the
situationwould be differentfor exampleif multiple trans-
lations were consideredwith the knowledgethat speedis
constan}.

We now provide a simple constructve approachto re-
cover actualaf ne self-calibration.Let usconsider trans-
lational motions, in differentdirectionssuchthat no 3 di-
rectionsarecollinear Let uscarryoutthetranslationsuch
thatthe FOE (focus of expansion)is insidetheimage,i.e.
suchthatthereexists a pixel for eachmotionwhoseray is
parallelto the motionline. Let these4 pixels be pixels 1
to 4. Sincewe canrecoverray directionsuptoa3 3 ho-
mographyonly, we may, withoutlossof generalityattribute
arbitrarycoordinatego thedirectionsD; D4 (suchthat
no 3 of themarecollinear). We now alternatebetweenrthe
following two steps:

1. Computethe line at in nity of ray directionsfor all



o w curvesfor which two ray directionshave already
beendetermined.

2. Computeray directionsof pixelswho lie ontwo ow
curveswhoseline at in nity hasalreadybeendeter
mined.

Repeathis until corvergencej.e. until no moredirections
orlinesatin nity canbecomputed.

In the rst iteration,6 linesatin nity canbecomputed,
for the o w curvesthatlink pairsof our4 basispixels. After
this, 3 new ray directionscanberecovered.

In the secondteration, 3 new lines atin nity arecom-
puted.Fromthenon, the numberof computableay direc-
tionsandlinesatin nity increasegxponentiallyin general
(althoughpixelsand o w curveswill bemoreandmoreof-
ten“re-visited” towardscornvergence).

This algorithmis deterministic hencethe computedray
directionswill necessariljpe an“af ne reconstruction’of
thetrueones.

Thereareafew issueswith this “proof™:

the constructiondoesnot statesufcient conditionin
orderto calibrateall ray directionsof a cameraijt just
saygthattheraydirectionswedocalibrate(i.e. thatare
attainedby the constructionrscheme)areindeedup to
thesameglobalaf ne transformatiorequalto thetrue
ones.

apracticalimplementatiorof theabove algorithmwiill
have to dealwith noise:for example,computedo ws
curvesarenotexactandthelinesatin nity computed
for ow curvesthat containthe samepixel, will not
usuallyintersectin asinglepoint.

strictly speakingtheabove schemdor self-calibration
is not valid for cameraswith nitely mary rays. To

explain what we mean,let us considera camerawith

nitely mary rays, in two positions. In general,i.e.

for anarbitrarytranslationbetweerthe two positions,
aray in the secondcameraposition, will have zero
probability of cutting ary ray in the rst camerapo-
sitions! Hence,the conceptof matchingpixels hasto

behandledwith care.However, if we consideracam-
erawith in nitely mary rays(thatcompletelyll some
closedvolumeof space)aray in onepositionwill al-

wayshave matchingraysin the otherposition(unless
it is outsidethe otherposition's eld of view). Hence,
our constructve proofgivenin this sectionjs valid for

cameraswith in nitely mary rays. In future work we

will clarify thisissuemoreproperly

5. Self-Calibration Algorithm

We puttogetherconstraintgerivedin section3 in orderto
proposea self-calibrationalgorithmthatrequiresrotational

andtranslationamotions.

5.1 Two Rotational Motions

Froma singlerotationwe obtainthe projectionraysin sev-

eral conescorrespondingo o w curves. The local offsets
andthe openinganglesareunknown in eachof the cones.
In the presencef anotherrotationwe obtaina new setof

conesarounda differentaxis. It is possibleto computethe
projectionrayswithout any ambiguityusingthesetwo mo-

tions. Howeverwe proposeasimpleandpracticalalgorithm
for computingthe projectionrayswith two rotationsandan

additionaltranslationin the next subsection.

5.2 Two Rotations and One Translation

By combiningour obsenationsso far, we are ableto for-
mulatea self-calibratioralgorithmthatdoesnotrequireary
initialization. It require<2 rotationalandl translationamo-
tionswith atleastoneclosed o w curve.
Thetranslationamotiononly seneshereto x theoffset
anglesof all conesarisingfrom the two rotationalmotions.
Let p; bethecentermixel of the rst rotationandp, thatof
the secondone. Considerthe translational o w curve that
containg;. All pixelsononesideof the o w curvestarting
from p; will have the same ;. Similarly let , referto
the offsetanglefor pixelslying onthe o w curve passing
throughp,. Thesameholdsfor the secondotation.
Without loss of generality we setthe rst rotationaxis
asthe Z-axis,andset ; = 0for p;, and , = O for p;.
Hence,the ray associatedvith p, is determinedup to the
angle betweerthetwo rotationaxes. Below, we explain
how to computethis angle.If we alreadyknew it, we could
immediatelycomputeall ray directions: for every pixel p,
we know a line goingthroughD ; (associatedvith its ;)
andsimilarly for D,. The pixel's ray is simply computed
by intersectinghetwo lines.
Whataboutpixelswhoseraysarecoplanarwith the two
rotation axes? This is not a problembecausevery com-
putedray directiongivesthe angleof the associatedone.
Hence all pixelsonthatconecandirectly by reconstructed,
by intersectingheline issuingfrom D 1 or D , with its cone.
Thisreasonings alsothebasisfor the computatiorof
However in generalthe o w curvesarenot alwaysclosed.
Thuswe presenta moredetailedapproachwhich canwork
with severalopen o w curves.In orderto understandheal-
gorithmletus rst visualizeasetupasshovn in Figure3(a).
Considera plane 1 orthogonalto the rst rotation axis.
The intersectionof the conesassociatedvith the rst ro-
tation axis and the plane ; will form concentriccircles
C1;Cy;::Ch with radii rq;ro; irn. Let h be the distance
of the cameracenterfrom ;. Thusthe openingangleof
theiy, conecanbecomputedf we know ther; andh. Now
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Figure3: a) We shav two rotationaxesanda planeorthogonal ; to the rst axis. We computetherotationaxis,radii of the
concentriccirclesaroundthe rst rotationaxis,thedistancebetweenC; andC, andeventuallytheangle betweerthetwo
axis. Seetext for moredetails.b) Two rotation o w curvesandonetranslationo w curve ontheimage.c) Concentriccircles

from rotationandaline translationron ;.

let usconsidetheintersectiorof theconesrom thesecond
rotationwith theplane ;. Theseintersectiongreellipses.

As we obsenedearliertranslationalo w curvesconsists
of pixelswhosecorrespondingrojectionraysarecoplanar
The intersectionof thesecoplanaraysandthe plane 1 is
aline. We usethis informationto computethe relationbe-
tweenr; andlatertheoffsetangles.

Herewe brie y describethe techniqueusedin comput-
ingr;. Let 1 and ; bethetwo anglesubtendedyy asingle
translationaturvewith C; andC,. We cancomputethean-
gle subtendedy two consecutie pixelsin arotation ow
cune. Thusit is possibleto obtainthe anglesubtendedby
ary two pixelsonthe o w curve.We assume ; to beunity.
Thusr, canbecomputedasbelow.

cog($)

cog( %)

rr, =

Similarly we cancomputetheradii of the circlesof all other
cones.

ThedistancébetweerC,; andC,, thedistanced between
thetwo axeson i, canbecomputediy constructinga o w
cunve passinghroughthe centermixel (pixel corresponding
to the axis) of the secondotationandestimatingits radius.
Finally we needto computethe value of h to compute .
In orderto computeh let us considerthe o w curve of the
secondotationpassinghroughthe centerpixel of the rst
rotation. Thecorrespondingoneintersects ; asanellipse.
We intersecthis o w curveswith the o w curvesaboutthe

rst axisto obtainsome3D pointson 1. Thesepointscan
beusedto parameteriz¢he ellipse. Oncewe know the ma-
jor radiusr 5 of theellipsewe cancomputeh and asshown
below.

2tan( ) 2ry % .,d

tan(2 )= ————~ — = — 5=, =tan (-

@)=7 tan?2( )" h 1 (§)2 &)

The algorithm doesnot requireall ow curvesto be

closed.For examplein Figure5we showv thescenariovhere

we calibratea sheye camerawith only few closed ow
curves.

5.3 Many Rotationsand many Translations

For example,oncewe know the projectionraysfor a part
of the imageandthe interaxis angle , we cancompute
the projectionrays for pixelsin the cornersof the image
using o w curvesfrom two differenttranslationaimotions
or alternatvely, from asinglerotationalmotion.

6. Experiments

We testedthe algorithmof section5.2 usingsimulatedand
real cameras. For the real camerasgroundtruth is dif -
cult to obtain,sowe visualizethe self-calibrationresultby
performingperspectie distortioncorrection.

6.1 DenseMatching

It is relatively easyto acquireimagesin favorable condi-
tions. For puretranslationswe usea translationstage.As
for purerotations,one could usea tripod for example,but
anotherpossibilityis to pointthecameraatafarawvay scene
andperformhand-heldotations.To maketheimagematch-
ing problemsimplerwe usedplanarsurfaces. We consid-
eredtwo scenarios.The rst approachusessimple coded
structuredlight algorithm[16], which involvesin succes-
sively displayingpatternsof horizontaland vertical black



and white stripeson the screento encodethe position of
eachscreenpixel. In the secondscenariowe considera
planarscenewith black dots. In both thesecaseswe do
not know the physicalcoordinatesf the scene. We used
OpenCMlibrary to performdensematching13]. Neighbor
hoodmatchesvereusedto checktheconsisteng in match-
ing andto remove falsematches Planarscenewasusedto
simplify the matchingprocessHowever our calibrational-
gorithmis independentf thenatureof thescene We tested
ouralgorithmwith simulationsandrealdata.ln simulations
we testeda pinholecamerawith andwithout radial distor
tions. Thevirtual pinholecameragconstructedisinganar
bitrary cameramatrix, is madeto capturearandomsurface.
We obtainednatchesn thecaseof puretranslatiorandpure
rotations.The o w curvesandcalibrated3D raysareshovn
in Figure4. We usedellipseparametrizatiorior tting the
0w curves. It is easyto realizethatthe ow curvein the
caseof rotationis an ellipsefor perspectie cameras.The
ellipse tting wasreasonabhaccurategfor sheye cameras
aswell. In the caseof centralcatadioptriccamerashe o w
curveswill notbeellipses.In suchscenariosve may need
to usenonparametriapproachesis expectedwe obtained
accurateaesultsin simulationsandit con rmed thevalidity
of our algorithm.

Secondlywetestedouralgorithmon Nikon coolpix sh-
eye lens, FC-E8, with a eld of view of 183 deggrees. In
Figure5 we show the translationandrotation o w curves.
We tted ellipsesfor both the rotationaland translational

O W curves.

6.2 Distortion Correction

Onceacamerads calibratedpnecanperformdistortioncor
rectionin a straightforwvard manner We do this by plac-
ing avirtual perspectie cameraat the optical centerof the
calibratedrealcameraandapplythe following simpleren-
deringscheme.Onehasto specifya eld of view andthe
imageresolutionof the virtual camera,.e. afocal length
andthe sizeof thedistortion-correctedmage. Further one
needsto specify the virtual camera$ orientation. By de-
fault, we choosea rotationsuchthatthe centerpixel of the
virtual cameraand of the real camerahave collinearpro-
jectionrays.

The distortion-correctedmageis renderedas follows.
For every pixel of the imageto be renderedwe compute
its projectionray, usingthe speci edfocal lengthandcam-
eraorientation. We thendeterminethe k closest(in terms
of angle)projectionray(s)of the real camera.We look up
the RGB valuesof theassociategixelsin the original, dis-
tortedimage, and interpolatethemto determinethe RGB
value of the pixel to be rendered. Differentinterpolation
schemesirepossiblej.e. nearesheighborinterpolationfor
k = 1 or aweightedaverage(weightsdependingon angle
betweerrealandvirtual projectionray) for k > 1.

Figure4: Topleft: ow curvesassociateavith a singlero-
tationon a perspectieimage.We also tted ellipsesonthe
0w curvesto analytically computethe intersectionswith
other ow curves. Top right and bottom: projectionrays
aftercalibrationin two differentviews.

For examplewe shawv the perspectiely synthesizedm-
agesin Figure6. The minor artifactscould be dueto the
imprecisionin the experimentaldataduring rotation. Nev-
erthelessthestrongdistortionsof thecameréhave beencor-
rectedto alargeextent.

7. Conclusions

We have studiedthe genericself-calibrationproblemand

calibratedgenerakentralcamerasisingdifferentcombina-
tionsof puretranslationgindpurerotations.Ourinitial sim-

ulationsand experimentalresultsare promisingand shov

thatself-calibrationmayindeedbe feasiblein practice.As

for futurework, we areinterestedn relaxingtheconstraints
onthe cameramodelandthemotionscenarios.

References

[1] J.PBarretoandH. Araujo. Paracatadioptricameracalibra-
tion usinglines. ICCV, 1359-13652003.

[2] D.C.Brown. Close-Rang€ameraCalibration.Photogram-
metricEngineering37(8),855-866,1971.

[3] G.ChamplebouxS.Lavallée,P. SautotandP. Cinquin. Ac-
curatecalibrationof camerasndrangeimagingsensorsthe
NPBSmethod.ICRA 1552-15581992.

[4] C.GeyerandK. Daniilidis. Paracatadioptricameracalibra-
tion. PAMI, 24(5):687-6952002.



@) (b)

Figureb: a) Flow curvesof purerotationona sheyeimage.
b) Translationalo w curvesona sheyeimage.

(5]

(6]

(7]
(8]

9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

K.D. Gremban,C.E. Thorpe,and T. Kanade. Geometric
camerecalibrationusingsystemaf linearequationsICRA,
562-567,1988.

M.D. Grossbag andS.K. Nayar A generaimagingmodel
anda methodfor ®ndingits parametersICCV, 2:108-115,
2001.

R.l. Hartley andA. Zisserman.Multiple View Geometryin
Computenision. CambridgeJniversity Press2000.

R.A. HicksandR. Bajcsy Catadioptricsensorshatapprox-
imatewide-angleperspectie projections.CVPR 545-551,
2000.

S.B.Kang. Catadioptricself-calibration. CVPR 201-207,
2000.

H.C. Longuet-Higgins. A computerprogram for recon-
structinga scenefrom two projections. Nature, 293:133—
135,1981.

B. Micusik and T. Pajdla. Autocalibrationand3D Recon-
structionwith Non-centralCatadioptricCameras. CVPR
2004.

T. Moons, L. Van Gool, M. van Diest, and E. Pauwels.
Af®ne Reconstruction from Perspectie Image Pairs.
DARPA—ESPRIT Workshopon Applicationsof Invariantsin
Computenision, Azoes 249-266,1993.

OpenCV (Open Source ComputerVision Library), Intel,
www.intel.com/research/mrl/research/opencv/

P. SturmandS. Ramalingam A genericconcepffor camera
calibration.ECCV, 1-13.2004.

R. SwaminathanM.D. Grossbeg, andS.K. Nayar Caustics
of CatadioptricCameradCCV, 2001.
J.Salvi,J.PagesandJ. Batlle. Patterncodi®cationstratgies
in structuredight systemsPatternRecanition, 34(7),827-
849,2004.



Figure6: Top: originalimageswith theboundarieshoving thecalibrationregion. Middle andbottom: generategerspectie
images.



