D.M. German$ H.J.W Spoeldett

T.v.d. Schaa#* L. Renambd®®

H.E.Bal* 2T
IDivision of PhysicsandAstronomy
2Division of MathematicsandComputerScience
Faculty of Sciences- Vrije Universiteit
DeBoelelaan081- 1081HV Amsterdam- The Netherlands

This paperdescribes geometriacalibrationprocedurdor tiled dis-
plays. It shavs how computewision techniqguesanbe usedto fa-
cilitate accurateggeometricalignment. Our approacHocalizesfea-
tureswith sub-piel accurag andtakesinto accountinaccuracies
dueto projectorlensdistortions.With theseenhancementshere-
sultsshav thatcommoncalibrationaccurag of severalmillimeters
(on the displaysurface)canbe pushednto the sub-millimeterdo-
main.

In the eld of visualization,PC clusterdriventiled displaysarebe-
comingincreasinglypopular[FunkhouseandLi 2000]. Tiled dis-
plays provide high resolutionvisualizationby tiling togetherpro-
jectoroutputson a screen.Eachprojectoris driven by a graphics-
orientedPC, interconnectedia afastnetwork (GigabitEthernebor
Myrinet[Bodenetal. 1995]).

Settingup atiled displayintroducesmportantvisual calibration
issuesregardingimage intensity color balance and mostvisible,
geometricalignment This paperconcentratesn geometricalign-
mentissues Attemptingto align projectorsmanuallyis undesirable
for asmallnumberor projectorsandunrealisticfor alarge number
of them. Sotherehave beenseveralinitiativesto researctpartially
or fully automatednethod=f alignmentRaskaretal. 1999;Chen
et al. 2000]. The generalideais to setup the projectorswith a
certainamountof overlap and then transformeachprojectionin
sucha way thatthe overall imageis correct. Figure 2 shavs two
imagesof an examplesetup. First, a completelyunalignedsetup.
Noticethe higherintensityin the overlapregions,andthemisalign-
mentof text andwindow-elements Secondacompletelycalibrated
setup. Here, the overlapregionshave beencorrectedandthe text
andwindow-elementsarealigned.
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This paperdescribesn detail a fully automaticdeterministic
methodto align ary numberof projectorsthat projectonto a at
surface. Figure 1 shavs an overview of the setup. First, a well-
de ned pattern(stimulus)is projectedontothe screerfor eachpro-
jector Theseimagesare capturedand processedand a modelis
tted to eachpatternto yield a coordinatetransformatiorfor each
projector Finally, the transformatioris invertedin orderto adjust
thesourceémage,resultingin aseamlesslignmentof thetiles.

Our focus lies on achieving high accurag with off-the-shelf
commodity equipment. We shav how a sub-piel-accurate
matched- Iter corvolution can be usedto determinethe position
andorientationof eachprojectorin atiled-displaysetup.

Next to this, commodityprojectorsare often projectingoff-axis
to allow userswith a regular single-projectorsetupto placethe
projectoron a desktopand still projecthigh enoughfor their au-
dience. Off-axis projectionandthe useof low-costlensesarethe
main causedor anapparentensdistortionthatbecomewisible as
soonastiled displays- ratherthansingle-projectosetups arecon-
sidered. Our approachproposesa simple and effective correction
for theselensdistortions.

In short,the contributionsof this paperare:

We presenta deterministicand fully automaticmethodto
aligntiled displaysusinga consumedigital camera,

A sub-pi>el matched- Iter point localization methodis ap-
plied andits limits areevaluated,

An approximatioris testedo modelthe projectorlensdistor
tions.

Section2 describessimilar approachessection3 describeur
procedureand the matched Iter characteristicssection4 shavs
resultsandcomparisonsindsections givesconclusionsandfurther
work.

Tiled display alignmenthasundegone developmentfrom manual
setupto fully automatednethods.Severalissuesof the alignment
procedurénave beenlookedatin research.

In orderto correctly analyzethe patternsthat have beencaptured
by the CCD camerapnemustuseanadequatenathematicamodel
of a projectoror projection. A simple modelis an (afne) 2D
transformationthat describesscaling, translationand rotation of
the projectedimage. This is adequatdor a limited setof distor
tions, but if the projectorsare placedat more extreme angles, it
will fail dueto perspectie correctionproblems(like keystoning).



Figure2: Typical desktopervironmentshavn in uncalibratednotethe bright overlapareasandgeometricallyincorrecttext andlines) and
calibratedsetupqoverlapareasarecompensatedndgeometryis correctfor text andlines).
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Figurel: Overview of thegeometriccalibrationprocedure

The mostcompletemodelfor a at screenis a full 8-term2D ho-
mographictransformationjncluding perspectie correction. This
homographidransformationpr homaraphy, is usedwith success,
amongothers by [Chenetal. 2001]. However, theplain 8-termho-
mographydoesnot take lensdistortionsinto account. This some-
what limits the achievable accurag of the model, as commodity
projectorausuallyhave analmostvisible lensdistortion(dueto off-
axisprojectionandlenscostreduction).

Scalability for tiled display alignmentcanbe speci ed in several
ways. One can examinethe order of computationas a function
of the numberof tiles, andone canlook at the quality of the pro-
ducedresultasafunctionof thenumberof tiles. [Chenetal. 2000]
designedniterative methodthatmeasurethe misalignmenbof ad-
jacentprojectedinesandpoints. Knowing this it adjustseachpro-
jectortowardsa minimumof overall misalignmentlin practisethis
methodis time-consumindin the orderof tensof minutes),andis
not deterministic.Also, the individual misalignmentetweertiles
might be reduced put the global shapeof all tiles combinedis not
guaranteetb beidenticaleverytime thesystenis calibrated.Their
newer work, involving the analysisof homography-tree§Chen
etal. 2001],is deterministicandmuchfaster Themethodanalyzes
therelationshipbetweer2x2tile groups by panningandzoominga
cameraacrosghescreersurface.Afterwards,the estimatedlocal)
homographiesre combinedinto a tree,anda global alignmentis
calculated Eventhoughthe methodis scalablebecausdocal align-
mentis consideredthe cameracanpanacrossary numberof tiles
with roughly the sameaccurag), combininglocal homographies
into atreeintroducesanadditionalestimationwith errors.

Dependingon the method,the CCD camerathatis usedmight re-
quire geometricpre-calibrationbefore the projectorscan be suc-
cessfullyaligned. [Raskaret al. 1999] devised a methodto apply
calibrationto arbitrary and comple projectionsurfaces(curved,
room corners,etc.). The methodusestwo calibratedcamerago
nd the geometryof the surfaceand a generalmappingfrom 3D
spaceto projectionsurface. Even thoughthis methodallows for



muchmorefreedomof choicein the projectionsurface,it requires
calibratedcameras.

[Surati. 1999]developeda methodwherea mappingis retrieved
betweena camerathe projectionscreenand eachprojector This
methodrelies on a physicalgrid on the projectionscreenwhich
is often undesirablen practicalsetups(for cosmeticreasonsfor
instance).

One agumentin eachapproachis cost. The lessautomaticthe
methodis, the moreit will costto maintainin practicalenviron-
ments. We are particularlyinterestedn educationakettings,and
here, a fully automaticand low-cost methodis preferable. The
homography-treenethod[Chenet al. 2001]requiresa camerahat
can pan, tilt and zoomto focus on 2x2 tile groupsindividually.
Also, mostmethodsrequirea camerawith a very high resolution,
in orderto obtainenoughaccurag in measuringhe patterns.The
morethe algorithmrelieson accurataneasurementshe moreex-
pensve the camerathe screerandthe projectorswould become.

Next to the speedof the actualalignmentprocedurethe modi ca-
tionsthatarenecessaryo generateutputareconsideredModern
graphicssystemsllow for severaladjustmentsf theoutputimage.
If themodelthatwasusedduringthe calibrationis in the orderof a
homographidransformationit canbe adequatehapproximatedn
the outputat no costwhengraphicsgeneratingAPIs like OpenGL
or Direct3D areused. The homographidransformatiortranslates
to a4x4 transformatiormatrix withouttrouble.

For the overlapregionsbetweerthetiles, it is commonpractiseto
eithershield off the beamof the projectorby adjustablenardwvare
[Hereld et al. 2000], or to multiply the outputimageof eachpro-
jectorwith analphamask[Raskaret al. 1998]. Both methodshave
the effect thatthe imageis projectedandgraduallyfadesto black
onthesides,allowing the neighboringtile to mix in. The hardware
shieldingmethodis morecumbersoméo maintain.

We explorethepracticalaspect®f tiled displaycalibration,with an
emphasi®n usabilityandaccurag. Figurel shavs our approach.

A checlerboardpatternis projectecon eachindividualtile, anda
staticCCD cameracaptureghe entiredisplaysurfacefor eachpro-
jectedcheclerboardpattern. Now, a sub-piel-accuratecomputer
vision algorithmrecognizesheinnercrossing®f thecheclerboard
patterns. An 8-parametehomographidransformations tted to
thelists of crossingaisinga non-lineareastsquareparametees-
timation procedure.Theresultis a setof transformationghatde-
scribearelationshipbetweerprojectorcoordinatesandcoordinates
on thedisplaysurface. Fromthesetransformationshe largestdis-
playablerectangleis determined.Finally, the displayregionsand
overlapregionsfor eachtile are calculated. From the overlapin-
formation,alphamasksare generatedor intensityblendingat the
overlapregions.

To characterizehe position and orientationof the individual pro-
jectors,we detectfeaturef a syntheticstimulusgeneratedby this
projector In our casewe usea checlerboardpatternof known -

Figure 3: Typical captured8x8 checlerboardstimulus. Note that
alreadyvisually, thisis arathernoiselessmage.

Figure4: Typical corvolution resultof matched- Iter convolution
on 8x8 checlerboardstimulus. The white andblack dotsare posi-
tive andnegative extremeresponsesndicatingfull matchandfull

anti-match(a checlerboardcrossingwhere white and black are
swapped).



adjustable size(Figure3). Thefeatureghatarebeinglooked for,
arethe crossingsn the checlerboard. Thesecrossingscanbe de-
tectedby performinga corvolution of the capturedimagewith a
matded Iter thathasa peakresponsevhenthe lter matcheghe
crossing.This methodhasbeenproposecearlierby [Vuylstele and
Oosterlinck1990]. In its generaform, it is givenby:
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whereg x y denoteghe responsef the matchedlter atposi-

tion x y oftheimagel x y andthematchedlter isa 2n 1 by

2n 1 matrixwhere 2n 1 isknown asthe lter size At inter-

mediatepositions theoutcomeof theconvolutionwill approximate
0. Figure4 shavs aresponsef sucha convolution. The white and
black dotsarepositive andnegative extrema,indicatingfull match
andfull anti-match(acheclerboardcrossingvherewhite andblack
areswapped).

Whennoiseis presenin theinputimagel, the dangerexists of
acceptingfalsepositivesin the responsesThis canbe reducedby
acceptingonly thoselocationswherethe matchedlter responses
exceeda presethresholdT,.

Note that the size of the matchedlter is correlatedto the size
of the checlerboardblocks. It canbe shavn thatoptimalresponse
is achiz’edwhenthe lter sizeis half thelengthof acheclerboard
block. In otherwords,whenthe checlerboardblock sizeis smaller
thantwice the lter size,the Iter responselegrades.Also, when
the checlerboardblock sizeis largerthantwice the Iter size,not
moreinformationis obtainedrom the corvolution.

The localizationproceduredescribedso far leadsto an estimated
positionat pixel precision. For the sub-piel localizationwe will
also follow [Vuylstele and Oosterlinck1990]. A computation-
ally inexpensve approactsuggestedby [Vos 1998]is basedon the
centerof-masscalculationof theresponseto the matchedlter . It
hasbeernshavn thatthecenterof masss anaccurateapproximation
to the correlationextremum. Again whendealingwith noisyinput
images,one shouldthresholdthe responsesaken into accountfor
the sub-pixel localization. In generalthis sub-pixel localizationis
givenby:
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with uy v, the location of the crossingat pixel level and
du, dv, thesub-piel offsets. Thefunctiont r effectively rules
out points with a responsebelov the thresholdT,. The summa-
tions areover a symmetricsquareof 2n 1 by 2n 1 points,
centerecaround uy vy , With 2n 1 being,again,the lter size.
the computationis equalto the numberof pixelsin the inputim-
age. Varioushighly ef cient scheme$ave beendevelopedfor the
implementatiorof suchconvolutions.

Althoughin theory falsepositivesandfalsenegativescanoccur
thea-prioriknowledgeof theinputpatterneffectively rulesoutfalse
positivesandlik ewise makesfalsenegativeseasyto detect.

The homographidransformationis the sameusedby [Chenet al.
2000]. It is essentiallya 3x3 homogeneougD transformation:
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Wherethe3rdcoordinatédbehaeslik e aperspectiedenominator
(asin 4x4 homogeneoumatrix calculus):
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Rohlustnesds important,sowe t all pointsfound on the pro-
jectorsurfacesimultaneouslyvith anon-lineareast-squaresting
process.If falsepositivesor falsenegativesstill exist, they canbe
eliminatedat this stageby analyzingthe residualsof the t. If the
residualfor a speci ¢ pointis above a relative thresholdthe t is
processedgain,disregardingthis point.

Figure5 shaws the visual resultof the t. Thelines denotethe
estimatednodelandthe circlesarethe actualdetectedcrossings.
Note,for eachpoint, thedistancebetweerline crossingthemodel)
andthecorrespondingoint. Theaverageof all distancestheaver
age error distanceis usedasa metricto assessheaccurag of this
methodlateron.

O

Figure5: The model (lines) ts onto the detectedcrossings(cir-
cles). The aveiage error distanceis the averageof all distances
betweermmodelcoordinateg@ndcorrespondingletectectrossings.



Due to off-axis projectionand lens cost-reductionn commodity
projectorsand camera,the lensesgive rise to pincushioneffects
andotherlens-relatedlistortions.In orderto reducetheimageer-
rorscausedyy theseeffects,we presenta modelthatapproximates
the effect of lensdistortions. For robustnesave wantto t all pa-
rametersof the entire systemsimultaneouslyso the actual tting
function should incorporatethis model next to the homographic
transformation. Completephysicallens modelingfor camerasas
describedby [Zhang 2000] in [Intel 2000] introducesmary new
parametersf which severalarenotorthogonato parametersf the
homographidransformatiorthatwe needto nd. This meanghat
the tting processwill bedegenerate.

Ideally we look ata combinedfunctionthatincorporateshe ho-
mographictransformationand both cameraand projector distor
tions. Themostimportantcomponenin thisis obviously thehomo-
graphictransformatiorbecausét accountdor the overall position
andorientationof the projectedimage. Takinga 1x1 tiled display
thelensdistortionsof the projectorandthoseof the cameracannot
be distinguishedrom eachotherandthusresultin a degeneratet.
Taking an nxn tiled display (with n largerthan 1), the lensdistor
tions of thecameraandthe homographidransformatiorcannotbe
distinguishedrom eachotherarny more,againresultingin adegen-
eratet. Inthe tting processthe positionandorientationof each
individual tile canencompassvhatever distortionthe cameraens
is producing.

Now, takingtheabove into accountwve chooseonly to modelthe
projectorlensdistortionsand,in orderto produceahealthy t, only
the partsof the distortionsthatare orthogonatto the homographic
transformationNotethatneglectingto modelthe cameralistortion
is not entirely free of penalty Whenthe camerais closeto the
screer(for smalldisplays)hedistortiontendsto belarger, resulting
in ahigheraverageerrordistance We will addresshisin sectiord.

To modelthe projectorlensdistortion, we take a setof generic
radial Taylor-expansions:
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Here,r is theradiusof thecoordinates,; Yo aroundthecenter
of thedistortionx; yc. Notethata,, by, a, andb,, theconstanand
linearcoefcients, arenot orthogonako the homographidransfor
mation(they interferewith the translationandscalingparameters)
andshouldnot be considered.

A smallinvestigationshawvs that higherorderterms(in r3 and
up) have insigni cant contribution. This leavesuswith the follow-
ing perturbation:

Xam You @ (12)
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All 8 componentsf thehomographidransformationthecenter
of distortion(xc andyc) andthetwo quadraticcoefcients (a, and
b,) arenow tted simultaneouslyor every tile to yield anoptimal
androbustresult.

Repeatingheabore estimatiorprocesgor eachprojectorresultsin
a seriesof transformationghat transformprojectorcoordinateso
coordinate$n cameraspace Thisnow letsusview thetiled display
asa one-projectodisplaywith a (virtual) projectorat the location

Figure6: Findingthelargestrectanglehat ts in theprojectedarea

of the camera.Knowing the con guration of thetiles, we cande-
terminethe largestrectanglethat ts insidethe projectedsurfaces
(Figure6).

Whenthe largestrectanglds found, intersectiorwith eachpro-
jectorsurfacequadin cameraspaceyieldstheeffective surface.For
this, a quad-quadntersectionalgorithmis required. Our imple-
mentationusesan adaptedversionof the polygon-polygoninter
sectionalgorithmby [Holwerdal998]. Usingtheinverseof theho-
mographidransformationthe effective surfacecanbetransformed
backto projectorspace.

Knowing the cornerpoints of thesequadsin cameraspaceis
sufcient to generatea static mappingwith which, for instancea
desktopapplicationcan be spannedyeometricallycorrecton the
entiretiled display

To generatalphamasksfor the overlapgradientswe intersecthe
effective surfaceof aprojectorwith its neighboringprojectors.This
resultsn smallpolygongthatcovertheoverlapregions. Simpledis-
tancecriteriacanbe usedto mark the cornerpointsof thesepoly-

gonsfull (1.0) or black (0.0). Interpolatingbetweenthesecorner
pointsresultsin gradientsthat shouldseamlesslyt in eachover

lap region on the display Our implementatiorgeneratesn alpha
maskfor eachprojectorthatis multiplied with the projectedmage
in hardware (usingtexture mapping) resultingin agradualattenu-
ationof eachtile attheoverlapregions.

Figure 7 shaws the intensity of two adjacenttiles in the over
lap region, andthe resultingintensitywith andwithout an applied
alphamask. Note that without the attenuatiorof both tiles at the
overlapregion, we seean intensitybandappearing.Note alsothat
by knowing the positionandorientationof eachtile we cancalcu-
latethe overlapregion's geometry(linesA andB in the gure).

Thefastestvay of adjustingthe projectoroutputimageis to genef
atea 4x4 homogeneou8D transformatiomrmatrix that canbe pro-
cessedor freein 3D graphicshardware,andpostprocesghe nal
imagewith thealphamask,eitherby handor by hardware.

Taking OpenGLasanexample,the procedurdo adjustthe ma-
trix goesasfollows. We require3 consecutie transformationgo
usethe homographyeffectively, Tyc thattransformsrom OpenGL
unit coordinatesn the applicationto cameracoordinates]cp that
transformsfrom cameracoordinateso projectorcoordinateqthe
inverseof thehomographidransformationandTp, thattransforms
from projectorcoordinateso OpenGLunit coordinate®f theindi-
vidual tile-driving graphicssystems.

Tac canbedescribedsasimpleorthographidransformatiorthat
mapsOpenGLunit coordinatedo the displayrectanglein camera
coordinategx1 yl to x2 y2)
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Figure7: Intensitypro le attheoverlapregionof two adjacentiles
for with andwithout an appliedalphamask. Note thatwithout the
attenuatiorof bothtiles at the overlapregion, we seean intensity
bandappearing.
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Wherex1 y1 is the upperleft cornerof the displayin camera
coordinatesandx2 y2 the lower-right corner Note thatthis is the
inverseof the standardrthographigrojectionmatrix, becauseve
transformunit coordinateto cameracoordinatesandnotthe other
way round.

Now, if we describeeachcomponenbf H 1 asfollows

an bn
H1 dv e fn (15)
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we canwrite Tep as
dn bn 0 Ch
d 0 f
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Notethattheadjustmeni. ¢, f, isanapproximatiorpro-
posedby [Raskar2000]to reducez-coordinatedistortion.

Finally, Tpo canbe written asanotherorthographidransforma-
tion

2 0 0 1
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CombiningTac, Tep andTpo on the OpenGLmatrix stackgives
thefollowing pieceof code:

A typical displayfunctionfor a certaintile would thenlook lik e:

Addingthelensdistortionmodelto theequatiormalesit harder
to approximateby a 4x4 matrix, soafull perpixel warpingproce-
dureneedso be considered.This proceduremay be implemented
usingpixel shadeitechnologyavailableon mostmodern3D hard-
ware.

The above procedures implementedransparentlyin the Aura
parallel scenegraphlibrary[Germanset al. 2001; van der Schaaf
etal. 2002]. This library providesscenegraphaccesdor a cluster
of PCsdriving a tiled display Any 3D applicationdesignedwith
Aurais automaticallyandtransparentlycorrectedfor tiled-display
alignment.

To shaw theeffectof sub-piel localizationandlensdistortionmod-
eling,aseriesnf measurementsave beendone. Themeasurements



weredoneatthelCWall classroonsite[ICWall 2002]. Thisis a 9-

nodePC cluster driving 8 Philips Ugo-X DLP(DMD) projectors.
The projectorsprojecton the rearof a Stewart Film acrylic back-
projectionscreeninto a slightly darkenedclassroomasshavn in

Figure 8. The screensurfaceis 6m by 2m. The camerausedis

a CanonS40PowerShotwith a 2272x1704pixel color CCD. The
cameravassetup perpendiculato the screencapturingthe entire
width of the screenon the width of the CCD (so 6 meterscorre-
spondgo 2272pixels).

Figure8: ICWall site: lectureon proteindynamics.Calibrationfor
this displayis performedasdescribedn this paper The procedure
is completelyautomaticwhich malesit attractve for aneducation-
ervironment.

As describedearlier the metric usedis the averageerror dis-
tance.Thisis the averageof all distancedetweermeasuredross-
ings andmodelresults. The metricis expressedn millimeterson
the surfaceof the screen.Thesevaluescanbe calculatedoy com-
paringcameradistancesith a calibrationdistanceof onemeteron
thescreen.

The restof this sectionwill give an analysisof the noiseand
parameteestimationhealth,aswell asresultsfor varioustile con-

gurations.

Figure9 shavs atypicaldistribution of grayscalevaluesin acapture
of aprojectedcheclerboard.Fromthe gure we clearlyseealarge
separatiorbetweenlow (black) and high (white) values. This in-
dicatesthatthe captureis relatively noise-free.The spreadn high
valuesin Figure 9 is dueto an overall gradientover the captured
image,causedy light sourcestherthanthe projector(sunlightor
roomlighting).

Tablel andaccompaying Figure10shaw theaverageerrordis-
tancefor a 1x1 tile setup,using differentblock sizesanda x ed
Iter sizeof 9. A larger lter sizewould notaddmuchinformation,
consideringhelow amountof noisein thecapturedmage.Tablel
suggestshatthe mostoptimal (lowesterror) arelarge blocks(6x6,
325 pixels). Expectableasthis might seemiit is importantto re-
alize thatusinglesscrossingdor the tting processlecreasethe
precisionof the parametersTakingalook at Table2 shaws thatfor
the parameteh of the homographidransformationthe actualval-
uesarecomparabldor differentblock sizes,but the erroris much
lower for 18x18blocksthanit is for 6x6 blocks. The reasonfor
thisis thatfor an18x18patternthereis moreinformationavailable

Figure9: Histogramof the grayscalevaluesin a typical captured
checlerboardpattern. Note a large separatiorbetweenthe dark
peakandthe light area. The spreadin light valuesis dueto an
overall gradientover theimagecausedy, for instancesunlight.

to make an estimation allowing for morepreciseparametersThis
impliesthatthe nal choicefor patternsize needsto be a tradeof
betweenlter accurag and parametemprecision. For our further
measurementsye choosean 8x8 pattern.

pattern | horz.blocksize | 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

Tablel: Averageerrordistanceasfunction of checlerboardblock
size. The largerthe numberof blocks,the smallereachblock (see
alsoFigurel0).

Pattern || parameteh | errorin h

6x6 0.02014 0.0056
12x12 || 0.01811 0.0015
18x18 || 0.01695 0.0007

Table2: Estimationerrorfor parameteh of thehomographidrans-
formation,deducedrom the covariancematrix of the t. Notethat
thesuggestie 6x6 (lowestdistancen Tablel) hasthehighestesti-
mationerror (lowestprecision).

Table 3 and accompaning Figure 11 showv the averageerror dis-
tancedor varioustile con gurations. Thetopmostiine (in Table3,
the columnmarked asplain) shows the error distancedor a situa-
tion wheresub-pixel localizationandlensdistortionmodelingare
not used. Here we seea steadyincreasein error, asthe camera
getsfurtheraway from the screen(largernumberof tiles with each
tile covering lesscamerapixels). The centerline (in Table3, the
columnmarked as subp shaws the error distancedor a situation
whereonly sub-piel localizationis used,but no lensdistortions
aremodeled. After aninitial setuppeakat 2x2 we seethe same
steadyincreasefor larger setups.The bottomline (in Table 3, the
columnmarked asLDM) indicatesthe error distancedor a situa-
tion wherebothsub-pixel localizationandlensdistortionmodeling
are applied. Here we seethat the shortdistancebetweencamera
andscreerforcestheextraparameterfrom equationl3to t tothe
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Figure 10: Averageerror distanceas function of block sizefor a
1x1tile setup(seealsoTablel).

camerdens,insteadof the projectorlens,resultingin aslighterror
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

Table 3: Averageerror distancefor plain, with sub-pixel andwith
lensdistortionmodelingfor an8x8 checlerboardpatternonvarious
tile con gurations(seealsoFigure11).

The resultof applyingsub-piel localizationandlensdistortion
modelingto the 8-projectodCWall tiled displaycanbeseenin Fig-
ure 2 and Figure 8. For a typical viewer distancein the order of
several meters errorsin alignmentare unnoticeable Furthermore,
automatic,hassle-freeand fast calibrationis a de nite plusin an
educationakrvironment.

We shaw, in detail, an approachto aligning tiled displaysusing
off-the-shelfcomponentsaandtools. The methodis deterministic
andcompletelyautomatic.Looking at the absoluteresultsandthe
trendsindicatedby Figure11, we seethatfor the currentrangeof
usedtiled displaysetupsthis methodreachesub-millimeteraccu-
ragy.

For the currenteducationaketup,this is accurateenough,but
future plansfor this site include corversionof the displayto pas-
sive stereoby overlappingtwo polarizedprojectoroutputson the
sametile. For this,theaverageerrordistancelirectlyin uencesthe
sterecseparatiorfthemaximumoptical’ depth'thatcanbeachieved
with astereadisplay).

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 the effectof camerdensdistortion,amore
in-depthanalysisis required. Also, for robustnessa simultaneous
t of all tiles at oncecanopenpossibilitiesto usea morecomplex
modelwherecameralistortionscanbe expressed.

—o—plain___==subp. LDM

1.0 4
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Figure11: Averageerror distance(in millimeters)for plain, with
sub-piel and with lens distortion modelingfor an 8x8 checler-
boardpatternon varioustile con gurations(seealsoTable3).
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