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Thispaperdescribesageometriccalibrationprocedurefor tiled dis-
plays. It shows how computervision techniquescanbeusedto fa-
cilitate accurategeometricalignment.Our approachlocalizesfea-
tureswith sub-pixel accuracy andtakes into accountinaccuracies
dueto projectorlensdistortions.With theseenhancements,there-
sultsshow thatcommoncalibrationaccuracy of severalmillimeters
(on thedisplaysurface)canbepushedinto thesub-millimeterdo-
main.
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In the�eld of visualization,PCcluster-driventiled displaysarebe-
comingincreasinglypopular[FunkhouserandLi 2000]. Tiled dis-
playsprovide high resolutionvisualizationby tiling togetherpro-
jectoroutputson a screen.Eachprojectoris drivenby a graphics-
orientedPC,interconnectedvia a fastnetwork (GigabitEthernetor
Myrinet[Bodenet al. 1995]).

Settingup a tiled displayintroducesimportantvisualcalibration
issuesregardingimage intensity, color balance, andmostvisible,
geometricalignment. This paperconcentrateson geometricalign-
mentissues.Attemptingto alignprojectorsmanuallyis undesirable
for a smallnumberor projectorsandunrealisticfor a largenumber
of them.Sotherehave beenseveral initiativesto researchpartially
or fully automatedmethodsof alignment[Raskaret al. 1999;Chen
et al. 2000]. The generalidea is to set up the projectorswith a
certainamountof overlap and then transformeachprojectionin
sucha way that the overall imageis correct. Figure2 shows two
imagesof an examplesetup. First, a completelyunalignedsetup.
Noticethehigherintensityin theoverlapregions,andthemisalign-
mentof text andwindow-elements.Second,acompletelycalibrated
setup. Here,the overlapregionshave beencorrectedandthe text
andwindow-elementsarealigned.

S

desmond@nat.vu.nl
†hs@nat.vu.nl
‡tom@cs.vu.nl
§renambot@cs.vu.nl
¶bal@cs.vu.nl

This paperdescribesin detail a fully automaticdeterministic
methodto align any numberof projectorsthat projectonto a �at
surface. Figure1 shows an overview of the setup. First, a well-
de�ned pattern(stimulus)is projectedontothescreenfor eachpro-
jector. Theseimagesarecapturedandprocessed,anda model is
�tted to eachpatternto yield a coordinatetransformationfor each
projector. Finally, the transformationis invertedin orderto adjust
thesourceimage,resultingin a seamlessalignmentof thetiles.

Our focus lies on achieving high accuracy with off-the-shelf
commodity equipment. We show how a sub-pixel-accurate
matched-�lter convolution can be usedto determinethe position
andorientationof eachprojectorin a tiled-displaysetup.

Next to this, commodityprojectorsareoftenprojectingoff-axis
to allow userswith a regular single-projectorsetupto place the
projectoron a desktopandstill projecthigh enoughfor their au-
dience. Off-axis projectionandthe useof low-cost lensesarethe
maincausesfor anapparentlensdistortionthatbecomesvisible as
soonastiled displays- ratherthansingle-projectorsetups- arecon-
sidered.Our approachproposesa simpleandeffective correction
for theselensdistortions.

In short,thecontributionsof thispaperare:

T We presenta deterministicand fully automaticmethodto
align tiled displaysusingaconsumerdigital camera,

T A sub-pixel matched-�lter point localizationmethodis ap-
pliedandits limits areevaluated,

T An approximationis testedto modeltheprojectorlensdistor-
tions.

Section2 describessimilar approaches,section3 describesour
procedureand the matched�lter characteristics,section4 shows
resultsandcomparisonsandsection5 givesconclusionsandfurther
work.
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Tiled displayalignmenthasundergonedevelopmentfrom manual
setupto fully automatedmethods.Several issuesof thealignment
procedurehave beenlookedat in research.
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In order to correctlyanalyzethe patternsthat have beencaptured
by theCCDcamera,onemustuseanadequatemathematicalmodel
of a projectoror projection. A simple model is an (af�ne) 2D
transformationthat describesscaling, translationand rotation of
the projectedimage. This is adequatefor a limited setof distor-
tions, but if the projectorsare placedat more extremeangles,it
will fail dueto perspective correctionproblems(like keystoning).



Figure2: Typical desktopenvironmentshown in uncalibrated(notethebright overlapareasandgeometricallyincorrecttext andlines)and
calibratedsetups(overlapareasarecompensatedandgeometryis correctfor text andlines).

transformation matrices
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present stimulus

Figure1: Overview of thegeometriccalibrationprocedure

Themostcompletemodelfor a �at screenis a full 8-term2D ho-
mographictransformation,including perspective correction. This
homographictransformation,or homography, is usedwith success,
amongothers,by [Chenetal. 2001].However, theplain8-termho-
mographydoesnot take lensdistortionsinto account.This some-
what limits the achievable accuracy of the model, as commodity
projectorsusuallyhaveanalmostvisible lensdistortion(dueto off-
axisprojectionandlenscostreduction).
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Scalability for tiled displayalignmentcanbe speci�ed in several
ways. One can examinethe order of computationas a function
of the numberof tiles, andonecanlook at the quality of the pro-
ducedresultasa functionof thenumberof tiles. [Chenetal. 2000]
designedaniterativemethodthatmeasuresthemisalignmentof ad-
jacentprojectedlinesandpoints.Knowing this it adjustseachpro-
jectortowardsaminimumof overallmisalignment.In practise,this
methodis time-consuming(in theorderof tensof minutes),andis
not deterministic.Also, the individual misalignmentbetweentiles
might bereduced,but theglobalshapeof all tiles combinedis not
guaranteedto beidenticaleverytimethesystemis calibrated.Their
newer work, involving the analysisof homography-trees[Chen
etal. 2001],is deterministicandmuchfaster. Themethodanalyzes
therelationshipbetween2x2tile groups,by panningandzoominga
cameraacrossthescreensurface.Afterwards,theestimated(local)
homographiesarecombinedinto a tree,anda global alignmentis
calculated.Eventhoughthemethodis scalablebecauselocalalign-
mentis considered(thecameracanpanacrossany numberof tiles
with roughly the sameaccuracy), combininglocal homographies
into a treeintroducesanadditionalestimationwith errors.
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Dependingon themethod,theCCD camerathat is usedmight re-
quire geometricpre-calibrationbeforethe projectorscan be suc-
cessfullyaligned. [Raskaret al. 1999] deviseda methodto apply
calibrationto arbitrary and complex projectionsurfaces(curved,
room corners,etc.). The methodusestwo calibratedcamerasto
�nd the geometryof the surfaceanda generalmappingfrom 3D
spaceto projectionsurface. Even thoughthis methodallows for



muchmorefreedomof choicein theprojectionsurface,it requires
calibratedcameras.

[Surati.1999]developeda methodwherea mappingis retrieved
betweena camera,the projectionscreenandeachprojector. This
methodrelies on a physicalgrid on the projectionscreenwhich
is often undesirablein practicalsetups(for cosmeticreasons,for
instance).
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One argumentin eachapproachis cost. The lessautomaticthe
methodis, the more it will cost to maintainin practicalenviron-
ments. We areparticularly interestedin educationalsettings,and
here, a fully automaticand low-cost methodis preferable. The
homography-treemethod[Chenet al. 2001]requiresa camerathat
can pan, tilt and zoom to focus on 2x2 tile groupsindividually.
Also, mostmethodsrequirea camerawith a very high resolution,
in orderto obtainenoughaccuracy in measuringthepatterns.The
morethealgorithmrelieson accuratemeasurements,themoreex-
pensive thecamera,thescreenandtheprojectorswouldbecome.
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Next to thespeedof theactualalignmentprocedure,themodi�ca-
tionsthatarenecessaryto generateoutputareconsidered.Modern
graphicssystemsallow for severaladjustmentsof theoutputimage.
If themodelthatwasusedduringthecalibrationis in theorderof a
homographictransformation,it canbeadequatelyapproximatedin
theoutputat no costwhengraphicsgeneratingAPIs like OpenGL
or Direct3D areused. Thehomographictransformationtranslates
to a 4x4 transformationmatrix without trouble.
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For theoverlapregionsbetweenthe tiles, it is commonpractiseto
eithershieldoff the beamof the projectorby adjustablehardware
[Hereld et al. 2000], or to multiply the output imageof eachpro-
jectorwith analphamask[Raskaret al. 1998].Bothmethodshave
the effect that the imageis projectedandgraduallyfadesto black
on thesides,allowing theneighboringtile to mix in. Thehardware
shieldingmethodis morecumbersometo maintain.
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Weexplorethepracticalaspectsof tiled displaycalibration,with an
emphasisonusabilityandaccuracy. Figure1 shows ourapproach.

A checkerboardpatternis projectedoneachindividual tile, anda
staticCCDcameracapturestheentiredisplaysurfacefor eachpro-
jectedcheckerboardpattern. Now, a sub-pixel-accuratecomputer
visionalgorithmrecognizestheinnercrossingsof thecheckerboard
patterns.An 8-parameterhomographictransformationis �tted to
thelists of crossingsusinga non-linearleastsquaresparameteres-
timationprocedure.The result is a setof transformationsthatde-
scribearelationshipbetweenprojector-coordinatesandcoordinates
on thedisplaysurface.Fromthesetransformationsthelargestdis-
playablerectangleis determined.Finally, the displayregionsand
overlapregionsfor eachtile arecalculated.From the overlap in-
formation,alphamasksaregeneratedfor intensityblendingat the
overlapregions.
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To characterizethe positionandorientationof the individual pro-
jectors,we detectfeaturesof a syntheticstimulusgeneratedby this
projector. In our casewe usea checkerboardpatternof known -

Figure3: Typical captured8x8 checkerboardstimulus. Note that
alreadyvisually, this is a rathernoiselessimage.

Figure4: Typical convolution resultof matched-�lterconvolution
on 8x8 checkerboardstimulus.Thewhite andblackdotsareposi-
tive andnegative extremeresponses,indicatingfull matchandfull
anti-match(a checkerboardcrossingwhere white and black are
swapped).



adjustable- size(Figure3). Thefeaturesthatarebeinglookedfor,
arethe crossingsin thecheckerboard.Thesecrossingscanbe de-
tectedby performinga convolution of the capturedimagewith a
matched�lter thathasa peakresponsewhenthe�lter matchesthe
crossing.Thismethodhasbeenproposedearlierby [Vuylsteke and
Oosterlinck1990]. In its generalform, it is givenby:

g � x � y��� I � x � y���
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(1)

whereg � x � y� denotestheresponseof thematched�lter at posi-
tion � x � y� of theimageI � x � y� andthematched�lter is a � 2n � 1� by

� 2n � 1� matrix where � 2n � 1� is known asthe�lter size. At inter-
mediatepositions,theoutcomeof theconvolutionwill approximate
0. Figure4 shows a responseof sucha convolution. Thewhite and
blackdotsarepositive andnegative extrema,indicatingfull match
andfull anti-match(acheckerboardcrossingwherewhiteandblack
areswapped).

Whennoiseis presentin theinput imageI , thedangerexistsof
acceptingfalsepositivesin the responses.This canbereducedby
acceptingonly thoselocationswherethe matched�lter responses
exceeda presetthresholdT0.

Note that the sizeof the matched�lter is correlatedto the size
of thecheckerboardblocks. It canbeshown thatoptimalresponse
is achievedwhenthe�lter sizeis half thelengthof a checkerboard
block. In otherwords,whenthecheckerboardblock sizeis smaller
thantwice the �lter size,the �lter responsedegrades.Also, when
thecheckerboardblock sizeis larger thantwice the �lter size,not
moreinformationis obtainedfrom theconvolution.

� � ��� �����
dgf�� `

���
f

� � � 	 �
`

�

The localizationproceduredescribedso far leadsto an estimated
positionat pixel precision. For the sub-pixel localizationwe will
also follow [Vuylsteke and Oosterlinck1990]. A computation-
ally inexpensive approachsuggestedby [Vos1998]is basedon the
center-of-masscalculationof theresponsesto thematched�lter . It
hasbeenshown thatthecenterof massisanaccurateapproximation
to thecorrelationextremum.Again whendealingwith noisy input
images,oneshouldthresholdthe responsestaken into accountfor
the sub-pixel localization. In generalthis sub-pixel localizationis
givenby:

du0 �

å y å x t � g � u0 � x � v0 � y��� x

å yå x t � g � u0 � x � v0 � y�
�

(2)

dv0 �

å yå x t � g � u0 � x � v0 � y��� y

å yå x t � g � u0 � x � v0 � y�
�

(3)

t � r �����

0 : r � T0
r : r � T0

(4)

with � u0 � v0 � the location of the crossingat pixel level and
� du0 � dv0 � thesub-pixel offsets.Thefunctiont � r � effectively rules
out points with a responsebelow the thresholdT0. The summa-
tions areover a symmetricsquareof � 2n � 1� by � 2n � 1� points,
centeredaround � u0 � v0 � , with � 2n � 1� being,again,the�lter size.
the computationis equalto the numberof pixels in the input im-
age.Varioushighly ef�cient schemeshave beendevelopedfor the
implementationof suchconvolutions.

Althoughin theory, falsepositivesandfalsenegativescanoccur,
thea-prioriknowledgeof theinputpatterneffectively rulesoutfalse
positivesandlikewisemakesfalsenegativeseasyto detect.
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Thehomographictransformationis thesameusedby [Chenet al.
2000]. It is essentiallya 3x3homogeneous2D transformation:
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Wherethe3rdcoordinatebehaveslikeaperspectivedenominator
(asin 4x4 homogeneousmatrix calculus):

xout �

xhom
whom

(7)

yout �

yhom
whom

(8)

Robustnessis important,so we �t all points found on the pro-
jectorsurfacesimultaneouslywith anon-linearleast-squares�tting
process.If falsepositivesor falsenegativesstill exist, they canbe
eliminatedat this stageby analyzingtheresidualsof the �t. If the
residualfor a speci�c point is above a relative threshold,the �t is
processedagain,disregardingthis point.

Figure5 shows thevisual resultof the �t. The linesdenotethe
estimatedmodelandthe circlesarethe actualdetectedcrossings.
Note,for eachpoint,thedistancebetweenline crossing(themodel)
andthecorrespondingpoint. Theaverageof all distances,theaver-
age error distanceis usedasa metricto assesstheaccuracy of this
methodlateron.

Figure5: The model (lines) �ts onto the detectedcrossings(cir-
cles). The average error distanceis the averageof all distances
betweenmodelcoordinatesandcorrespondingdetectedcrossings.
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Due to off-axis projectionand lens cost-reductionin commodity
projectorsand camera,the lensesgive rise to pincushioneffects
andotherlens-relateddistortions.In orderto reducethe imageer-
rorscausedby theseeffects,we presenta modelthatapproximates
theeffect of lensdistortions.For robustnesswe want to �t all pa-
rametersof the entiresystemsimultaneously, so the actual�tting
function should incorporatethis model next to the homographic
transformation.Completephysicallensmodelingfor camerasas
describedby [Zhang 2000] in [Intel 2000] introducesmany new
parametersof whichseveralarenotorthogonalto parametersof the
homographictransformationthatwe needto �nd. This meansthat
the�tting processwill bedegenerate.

Ideallywe look ata combinedfunctionthatincorporatestheho-
mographictransformationand both cameraand projectordistor-
tions.Themostimportantcomponentin thisisobviouslythehomo-
graphictransformationbecauseit accountsfor theoverall position
andorientationof theprojectedimage.Takinga 1x1 tiled display,
thelensdistortionsof theprojectorandthoseof thecameracannot
bedistinguishedfrom eachotherandthusresultin adegenerate�t.
Takingan nxn tiled display(with n larger than1), the lensdistor-
tionsof thecameraandthehomographictransformationcannotbe
distinguishedfrom eachotherany more,againresultingin adegen-
erate�t. In the�tting process,thepositionandorientationof each
individual tile canencompasswhatever distortionthe cameralens
is producing.

Now, takingtheabove into accountwechooseonly to modelthe
projectorlensdistortions,and,in orderto produceahealthy�t, only
thepartsof thedistortionsthatareorthogonalto thehomographic
transformation.Notethatneglectingto modelthecameradistortion
is not entirely free of penalty. When the camerais closeto the
screen(for smalldisplays)thedistortiontendsto belarger, resulting
in ahigheraverageerrordistance.Wewill addressthis in section4.

To modeltheprojectorlensdistortion,we take a setof generic
radialTaylor-expansions:

r �

�

� xout

 xc �

2
� � yout


 yc �

2 (9)

xldm � xout � a0 � a1r � a2r2
� a3r3

�������
� anrn (10)

yldm � yout � b0 � b1r � b2r2
� b3r3

�������
� bnrn (11)

Here,r is theradiusof thecoordinatexout � yout aroundthecenter
of thedistortionxc � yc. Notethata0, b0, a1 andb1, theconstantand
linearcoef�cients, arenot orthogonalto thehomographictransfor-
mation(they interferewith the translationandscalingparameters)
andshouldnotbeconsidered.

A small investigationshows that higherorder terms(in r3 and
up) have insigni�cant contribution. This leavesuswith thefollow-
ing perturbation:

xldm � xout � a2r2 (12)

yldm � yout � b2r2 (13)

All 8 componentsof thehomographictransformation,thecenter
of distortion(xc andyc) andthetwo quadraticcoef�cients (a2 and
b2) arenow �tted simultaneouslyfor every tile to yield anoptimal
androbustresult.
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Repeatingtheaboveestimationprocessfor eachprojectorresultsin
a seriesof transformationsthat transformprojectorcoordinatesto
coordinatesin cameraspace.Thisnow letsusview thetiled display
asa one-projectordisplaywith a (virtual) projectorat the location

tile 00 tile 01 tile 02 tile 03

tile 07tile 06tile 05tile 04

Figure6: Findingthelargestrectanglethat�ts in theprojectedarea

of thecamera.Knowing thecon�guration of the tiles, we cande-
terminethe largestrectanglethat �ts insidethe projectedsurfaces
(Figure6).

Whenthe largestrectangleis found, intersectionwith eachpro-
jectorsurfacequadin cameraspaceyieldstheeffectivesurface.For
this, a quad-quadintersectionalgorithm is required. Our imple-
mentationusesan adaptedversionof the polygon-polygoninter-
sectionalgorithmby [Holwerda1998].Usingtheinverseof theho-
mographictransformation,theeffective surfacecanbetransformed
backto projectorspace.

Knowing the cornerpoints of thesequadsin cameraspaceis
suf�cient to generatea staticmappingwith which, for instance,a
desktopapplicationcan be spannedgeometricallycorrecton the
entiretiled display.
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To generatealphamasksfor theoverlapgradients,we intersectthe
effectivesurfaceof aprojectorwith its neighboringprojectors.This
resultsin smallpolygonsthatcovertheoverlapregions.Simpledis-
tancecriteriacanbeusedto mark thecornerpointsof thesepoly-
gonsfull (1.0) or black (0.0). Interpolatingbetweenthesecorner
pointsresultsin gradientsthat shouldseamlessly�t in eachover-
lap region on the display. Our implementationgeneratesan alpha
maskfor eachprojectorthat is multiplied with theprojectedimage
in hardware(usingtexturemapping),resultingin a gradualattenu-
ationof eachtile at theoverlapregions.

Figure7 shows the intensityof two adjacenttiles in the over-
lap region, andtheresultingintensitywith andwithout anapplied
alphamask. Note that without the attenuationof both tiles at the
overlapregion, we seean intensitybandappearing.Notealsothat
by knowing thepositionandorientationof eachtile we cancalcu-
latetheoverlapregion's geometry(linesA andB in the�gure).
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Thefastestwayof adjustingtheprojectoroutputimageis to gener-
atea 4x4 homogeneous3D transformationmatrix thatcanbepro-
cessedfor free in 3D graphicshardware,andpostprocessthe �nal
imagewith thealphamask,eitherby handor by hardware.

TakingOpenGLasanexample,theprocedureto adjustthema-
trix goesasfollows. We require3 consecutive transformationsto
usethehomographyeffectively, Tac that transformsfrom OpenGL
unit coordinatesin the applicationto cameracoordinates,Tcp that
transformsfrom cameracoordinatesto projectorcoordinates(the
inverseof thehomographictransformation)andTpo thattransforms
from projectorcoordinatesto OpenGLunit coordinatesof theindi-
vidual tile-driving graphicssystems.

Tac canbedescribedasasimpleorthographictransformationthat
mapsOpenGLunit coordinatesto thedisplayrectanglein camera
coordinates(x1 � y1 to x2 � y2)
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Figure7: Intensitypro�le at theoverlapregionof two adjacenttiles
for with andwithout anappliedalphamask.Notethatwithout the
attenuationof both tiles at the overlapregion, we seean intensity
bandappearing.

Tac �
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x2 � x1
2 0 0 x2
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x1
2

0 y2 � y1
2 0 y2
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0 0 0 1
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(14)

Wherex1 � y1 is the upper-left cornerof the display in camera
coordinatesandx2 � y2 the lower-right corner. Note that this is the
inverseof thestandardorthographicprojectionmatrix,becausewe
transformunit coordinatesto cameracoordinates,andnot theother
way round.

Now, if we describeeachcomponentof H � 1 asfollows

H � 1
�

�

	

an bn cn
dn en fn
gn hn in

�

� (15)

we canwrite Tcp as

Tcp �

�
�

	

an bn 0 cn
dn en 0 fn
0 0 1 
�� cn ��
�� fn � 0
gn hn 0 1

�
�

�

(16)

Notethattheadjustment1 
�� cn ��
�� fn � is anapproximationpro-
posedby [Raskar2000]to reducez-coordinatedistortion.

Finally, Tpo canbewritten asanotherorthographictransforma-
tion

Tpo �

�

�

	

2 0 0 
 1
0 
 2 0 1
0 0 
 1 0
0 0 0 1

�

�

�

(17)

CombiningTac, Tcp andTpo on theOpenGLmatrix stackgives
thefollowing pieceof code:
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A typicaldisplayfunctionfor acertaintile would thenlook like:
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Adding thelensdistortionmodelto theequationmakesit harder
to approximateby a 4x4 matrix, soa full per-pixel warpingproce-
dureneedsto beconsidered.This proceduremaybe implemented
usingpixel shadertechnology, availableon mostmodern3D hard-
ware.

The above procedureis implementedtransparentlyin the Aura
parallelscenegraphlibrary[Germanset al. 2001; van der Schaaf
et al. 2002]. This library providesscenegraphaccessfor a cluster
of PCsdriving a tiled display. Any 3D applicationdesignedwith
Aura is automaticallyandtransparentlycorrectedfor tiled-display
alignment.
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Toshow theeffectof sub-pixel localizationandlensdistortionmod-
eling,aseriesof measurementshavebeendone.Themeasurements



weredoneat theICWall classroomsite[ICWall 2002].This is a 9-
nodePC cluster, driving 8 Philips Ugo-X DLP(DMD) projectors.
The projectorsprojecton the rearof a Stewart Film acrylic back-
projectionscreeninto a slightly darkenedclassroom,asshown in
Figure 8. The screensurfaceis 6m by 2m. The camerausedis
a CanonS40PowerShotwith a 2272x1704pixel color CCD. The
camerawassetup perpendicularto thescreen,capturingtheentire
width of the screenon the width of the CCD (so 6 meterscorre-
spondsto 2272pixels).

Figure8: ICWall site: lectureon proteindynamics.Calibrationfor
this displayis performedasdescribedin this paper. Theprocedure
is completelyautomatic,whichmakesit attractivefor aneducation-
environment.

As describedearlier, the metric usedis the averageerror dis-
tance.This is theaverageof all distancesbetweenmeasuredcross-
ings andmodelresults.The metric is expressedin millimeterson
thesurfaceof thescreen.Thesevaluescanbecalculatedby com-
paringcameradistanceswith acalibrationdistanceof onemeteron
thescreen.

The rest of this sectionwill give an analysisof the noiseand
parameterestimationhealth,aswell asresultsfor varioustile con-
�gurations.
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Figure9showsatypicaldistributionof grayscalevaluesin acapture
of a projectedcheckerboard.Fromthe�gure we clearlyseea large
separationbetweenlow (black) andhigh (white) values. This in-
dicatesthat thecaptureis relatively noise-free.Thespreadin high
valuesin Figure9 is dueto an overall gradientover the captured
image,causedby light sourcesotherthantheprojector(sunlightor
roomlighting).

Table1 andaccompanying Figure10show theaverageerrordis-
tancefor a 1x1 tile setup,usingdifferentblock sizesanda �x ed
�lter sizeof 9. A larger�lter sizewouldnotaddmuchinformation,
consideringthelow amountof noisein thecapturedimage.Table1
suggeststhatthemostoptimal(lowesterror)arelargeblocks(6x6,
325 pixels). Expectableasthis might seem,it is importantto re-
alize thatusinglesscrossingsfor the �tting processdecreasesthe
precisionof theparameters.Takinga look atTable2 shows thatfor
theparameterh of thehomographictransformation,theactualval-
uesarecomparablefor differentblock sizes,but theerror is much
lower for 18x18blocks than it is for 6x6 blocks. The reasonfor
this is thatfor an18x18pattern,thereis moreinformationavailable

Figure9: Histogramof the grayscalevaluesin a typical captured
checkerboardpattern. Note a large separationbetweenthe dark
peakand the light area. The spreadin light valuesis due to an
overall gradientover theimagecausedby, for instance,sunlight.

to make anestimation,allowing for morepreciseparameters.This
implies that the �nal choicefor patternsizeneedsto be a tradeoff
between�lter accuracy and parameterprecision. For our further
measurements,we choosean8x8pattern.

pattern horz.block size avg. err. dist.
6x6 325pix. 0.9mm
8x8 244pix. 1.1mm

10x10 195pix. 1.1mm
12x12 162pix. 1.4mm
14x14 139pix. 1.5mm
16x16 122pix. 1.5mm
18x18 108pix. 1.6mm

Table1: Averageerrordistanceasfunctionof checkerboardblock
size. The larger thenumberof blocks,thesmallereachblock (see
alsoFigure10).

Pattern parameterh errorin h
6x6 0.02014 � 0.0056

12x12 0.01811 � 0.0015
18x18 0.01695 � 0.0007

Table2: Estimationerrorfor parameterh of thehomographictrans-
formation,deducedfrom thecovariancematrix of the�t. Notethat
thesuggestive 6x6(lowestdistancein Table1) hasthehighestesti-
mationerror(lowestprecision).
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Table3 andaccompanying Figure11 show the averageerror dis-
tancesfor varioustile con�gurations.Thetopmostline (in Table3,
thecolumnmarkedasplain) shows theerrordistancesfor a situa-
tion wheresub-pixel localizationandlensdistortionmodelingare
not used. Here we seea steadyincreasein error, as the camera
getsfurtheraway from thescreen(largernumberof tiles with each
tile covering lesscamerapixels). The centerline (in Table3, the
columnmarked assubp) shows the error distancesfor a situation
whereonly sub-pixel localizationis used,but no lensdistortions
aremodeled. After an initial setuppeakat 2x2 we seethe same
steadyincreasefor largersetups.Thebottomline (in Table3, the
columnmarked asLDM) indicatesthe error distancesfor a situa-
tion wherebothsub-pixel localizationandlensdistortionmodeling
areapplied. Herewe seethat the shortdistancebetweencamera
andscreenforcestheextraparametersfrom equation13to �t to the



Figure10: Averageerror distanceas function of block size for a
1x1 tile setup(seealsoTable1).

cameralens,insteadof theprojectorlens,resultingin a slight error
increase.

Con�guration plain subp. LDM
1x1 0.9mm 0.8mm 0.6mm
2x2 1.2mm 1.2mm 0.5mm
3x2 1.2mm 1.0mm 0.5mm
4x2 1.4mm 1.0mm 0.6mm

Table3: Averageerrordistancefor plain, with sub-pixel andwith
lensdistortionmodelingfor an8x8checkerboardpatternonvarious
tile con�gurations(seealsoFigure11).

Theresultof applyingsub-pixel localizationandlensdistortion
modelingto the8-projectorICWall tiled displaycanbeseenin Fig-
ure 2 andFigure8. For a typical viewer distancein the orderof
severalmeters,errorsin alignmentareunnoticeable.Furthermore,
automatic,hassle-freeand fast calibrationis a de�nite plus in an
educationalenvironment.

� �-K

J

F

X

N#A PRK

J

A D

J

M�� N�B$N C

W

Z K C^]

We show, in detail, an approachto aligning tiled displaysusing
off-the-shelfcomponentsand tools. The methodis deterministic
andcompletelyautomatic.Looking at theabsoluteresultsandthe
trendsindicatedby Figure11, we seethat for thecurrentrangeof
usedtiled displaysetups,this methodreachessub-millimeteraccu-
racy.

For the currenteducationalsetup,this is accurateenough,but
future plansfor this site includeconversionof the displayto pas-
sive stereoby overlappingtwo polarizedprojectoroutputson the
sametile. For this,theaverageerrordistancedirectly in�uencesthe
stereoseparation(themaximumoptical'depth'thatcanbeachieved
with astereodisplay).

Even thoughthis approachyields very accurateresultsover a
promisingrangeof tile con�gurations, the effects of the camera
lens distortion becomesapparentat small tile setups(1x1, 2x2).
For abetteroverview of theeffectof cameralensdistortion,amore
in-depthanalysisis required.Also, for robustness,a simultaneous
�t of all tiles at oncecanopenpossibilitiesto usea morecomplex
modelwherecameradistortionscanbeexpressed.

Figure11: Averageerror distance(in millimeters) for plain, with
sub-pixel and with lens distortion modeling for an 8x8 checker-
boardpatternonvarioustile con�gurations(seealsoTable3).
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