Automatic Alignment Of High-Resolution Multi-Projector Displays
Using An Un-Calibrated Camera

YuqunChert Douglasw. Clark*

AdamFinkelsteirt

Timothy C. Housef Kai Li*

Departmentf ComputerSciencePrincetonUniversity

Abstract

A scalable,high-resolutiondisplay may be constructedby tiling

mary projectedimagesover a singledisplay surface. Onefunda-
mentalchallengefor sucha displayis to avoid visible seamsdue
to misalignmentamongthe projectors. Traditional methodsfor

avoiding seamsinvolve sophisticatednechanicaldevices and ex-

pensve CRT projectors,coupledwith extensve humaneffort for

fine-tuningthe projectors.This paperdescribegnautomaticalign-
mentmethodthatrelieson aninexpensie, uncalibrateccamerao

measurahe relatve mismatchedbetweenneighboringprojectors,
andthencorrectthe projectedmageryto avoid seamswithout sig-
nificanthumaneffort.

CR Categoriesand Subject Descriptors: 1.4.0[ImageProcess-
ing andComputerVision]: General ImageDisplays;l.4.1 [Image
Processing\nd ComputenVision]: DigitizationandimageCapture
- ImagingGeometry

Additional Keywords: seamlesgiling, automaticalignment,
projective mapping simulatedannealing

1 Introduction

Rapidadwancesn computertechnologyhave madedatavisualiza-
tion widely available and indispensable However, the resolution
of the displays,the critical componentn visualization,hasbeen
laggingfar behindotherkey enablingtechnologies Although flat
paneldeviceshave becomecheaperndbetter it is extremelydif-
ficult and expensve to producereally high-resolutionJarge-scale
flat panels.Becausef the drive electronicghatis requiredon the
sidesof apaneldisplay it is alsoinfeasibleto puttogethemultiple
flat panelssideby sidewithout seams.

Tiling multiple projectorstogetheris a viable way to build a
high-resolution high-brightnessseamlesslisplay But, assucha
displaysystemscaleshbeyondthreeor four projectorsaligningthe
projectorshecomesa challengingissue. A multi-projectordisplay
mightin principle be perfectlyalignedby manualmeangust once;
but in practicephysicalrealities(vibration,lamp-changingandso
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on) meanthatre-alignments frequentlyneededAligning the pro-

jectorsby handis atime-consumindaskthatrequiresbothskill and

experiencelt alsorequiresthe useof eithersophisticatednechan-
ical devicesor electronbeamadjustmenfound only on expensve

CRT projectors.

Alternatively one canemplo/ computervision andimagepro-
cessingechniquego digitally alignthe projectors.By warpingthe
imagesthe computercancorrectthe projectedmageryto account
for the physicalrealitiesof misalignment4, 16, 17]. In orderto
applythecorrectamountof digital compensatiorthecomputethas
to first measureccuratelythe actualmisalignment.

The researchchallengehere is to devise efficient algorithms
without using expensve camerasand instruments. One could in
theoryusea camerawith extremelyhigh resolutionto measurehe
misalignment.Unfortunately sucha device is hardto getandcan
costeven morethanthe displayitself. Commodityvideo cameras
areinexpensve andavailableeverywhere put they suffer from low
resolution.Although calibratingthe camera®vercomeshis prob-
lem, the calibrationprocessdtself involves humanlaborandcould
becomeime-consuming.

We have developeda novel algorithmthat usesan inexpensie
anduncalibratedcamerao aligntheprojectors Our methodavoids
camerecalibrationby takingonly relatve measurements- for in-
stancematchinga few pointsandlines betweena pair of projec-
tors. Sincethe cameraonly hasto make “binary” decisionsre-
gardingthesemeasurementg, is free to zoomand panarbitrarily
closeto thetargetspotto obtainhighly accurateobserations. Our
alignmentalgorithmemplo/s the simulatedannealingechniqueto
“stitch” thelocal obserationstogetheiinto a self-consistenglobal
picture,andfind a setof projectionmappingsthat are consistent
with theobsenrations.

Therestof the paperdescribesn detailour automaticalignment
methodandour experimentaresults.

2 Background and Previous Work

Multi-projector displays have been around for more than two

decadeg9]. Previous systemsemplgred expensve CRT projec-
tors which have sophisticatedmechanismdor adjustingimage
distortion and color balance. Aligning the projectorswas typi-

cally donemanuallyby trainedtechniciansthe procesoftentook
hours. In recentyears,portablepresentatiorprojectorshasedon

LCD or Digital Micro-mirror Devices (DMD) have becomein-

creasinglycheaperbrighter and morecompact. Thereis new in-

terestin building high-resolutiordisplaysout of thesecommodity
projectorsfor office andresearctervironmentsandfor entertain-
ment[14, 7, 15, 18, 19]. This hasspurredseveralresearctprojects
that study seamlessiling of inexpensie LCD and DMD projec-
tors[16, 4, 8, 5].

Existing alignmentalgorithms usually consistof two stages,
cameraalibrationandgeometriaegistration.In thefirst stagepne
or morecamerasrecalibratedaccordingto a fixed global coordi-
natesystem(either2-dimensionabr 3-dimensional)In thesecond



stage the calibratedcamerasene asmeasuremerinistrumentgo
mappixels from eachprojectorto the pointsin the global coordi-
natesystem.

SuratiandKnight developedan algorithmthat usesa camerao
mapthepixelsfrom eachprojectorto thepointsin apre-established
globalscreercoordinatesystem16]. During the calibrationstage,
acamerads calibratedagainsta fine grid affixedto thedisplaysur
face. Thegrid is physicallydravn by a high-precisionplotter. A
mappingis establishedetweenpixelsin the camerdfield andthe
physicalpointsonthedisplaysurface.In theregistrationstageeach
projectorprojectsa regular grid onto the displaysurface. A com-
putervision algorithmaccuratelylocateseachprojectedgrid point
in the cameras field of view. Usingthe camera-to-display-swate
mappingestablishegbreviously, the projectedgrid point (or a pixel
in the projector)is mappedo a physicalpoint on the displaysur
facewith high precision.This methodworkswell for a small-scale
displaywall. It candealwith arbitrarydistortionsof theprojectors.
However, usinganabsoluteneasuremergrid to calibratethecam-
erapreventsthis methodfrom scalingfor alargedisplaywall; it is
problematiovhethernecangenerate physicalor projectavirtual
measuremergrid thatis large enoughbut still hasfine precision.

Raskaret al. attemptedo solve agenerakasein whichthedis-
play surfacecanbe arbitrarily comple, for example,the cornerof
awall, or acurvedscreer4]. This requiresregistrationof the 3D
surfacegeometryof the screersurfaceaswell asregistrationof the
projectedpixelsonthedisplaysurface.Theiralgorithmusesknown
3D objectssuchaspaintedboxesto calibratethe extrinsic andin-
trinsic parametersf afew fixed camerasTwo calibratedcameras
thatoverlapin their fields of view canobsere the samemeshpat-
terndisplayedby a projector The obserationsfrom both cameras
arecorrelatedusingthe stereovision techniquefrom this correla-
tion the exactlocationof a projectedpixel onthedisplaysurfaceis
derived. Thelocationinformationis in the 3D spaceandtherefore
alsorevealsthesurfacecontourof thescreenThedravbackof this
approachs againtherequiremenbdf camerecalibration.

Our work differs from previous work by the useof an uncali-
bratedcamerao obsere misalignmentamongthe projectors.The
useof cameracalibrationimpliesthatthecamerashemselesmust
be fixed andcannotpanandzoomduring measuremenfpr other
wisecamergarameterwill haveto calibrateccontinuously It also
requiressettingup known objectssuchasasfine-plottedgrid and
regular 3D objects. Avoiding cameracalibrationcangreatlymini-
mizethe amountof humaninvolvementandequipmentequiredin
multi-projectoralignment.

3 The Automatic Alignment Algorithm

Our automaticalignmentalgorithm consistsof two stages.In the
misalignment measurement stage,the cameraobseres geometric
relationships— point matchesand line matches- betweenadja-
centprojectors. In the alignment computation stage,we setup a
multi-dimensionablobal minimizationproblemwhoseconstraints
arethoseobsenations. Theminimizationprocesgproduces setof
alignmentcorrectionfunctions,onefor eachprojector that main-
tain C° andC! continuitiesacrossheprojectors Figurel shaws a
schematioof our alignmentsystem. Our algorithm assumeghat
projectorsare alreadyroughly aligned. This is a reasonablas-
sumption, becausecoarsealignmentcan be easily accomplished
with aninexpensve projectorrack and somemanualadjustment.
Essentiallywe assumethat the projectorsare not so badly mis-
alignedthatcomputationabalignmentis impossible.

3.1 Projection function

Before gettinginto the detailsof our alignmentalgorithm, let us
first review the mathematicalepresentatioior a multi-projector
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system. Projectioncan be thoughtof asa mappingbetweenpix-
elsin projectorspace(z, y) andtheilluminateddots (u, v) onthe
global displayspace.This mapping,or the projection function, is
normallyaccomplisheavith alenssystem® Figure2 shavs acon-
ceptualdiagramof a typical lenssystem. The projectionfunction
canbedecomposethto two parts,the projective transformationP
andthenon-lineardistortion D:?

(u,v) = (Du(Pu(z,y), Po(2,y)), Do(Pu(z,y), Po(,y)))

0.0

v display space

Figure2: Conceptuatliagramof a projectionsystem

Theprojective transformatiorcanbe expressedy a 3x3 projec-
tion transformationn homogeneousoordinatesusing 8 free pa-
rametergm;), ¢ = 1..3, j = 1.3 [1]:

mi1 - & +mi2 - Y+ mis
m31-r+m32-y+1
mo1 - T+ Ma2 - Y+ Mma3

Py(x, = 1
(@y) m31-T+mz2-y+1 @)

Py(z,y)

1The algorithm presentecherecould in principle be appliedto cuned
displaysurfacesaswell, in which case a 2D parametriccoordinatesystem
canbeusedo thedisplaysurface.

2This is only an approximatiorto an actualprojectiondevice, asit ig-
noresseveraldistortioneffectssuchascolor dispersion.



Theradialdistortionwith respecto anopticalcenter(cs, ¢, ) anda
distortionparametep is givenas

Dy(u,v) = u4p-(u—cy)-d
Dy(u,v) = v+p-(v—-cy)-d°
d = \/(ufcu)z—i—(vfc,,)2
(w,v) = (Pulz,y), Po(2,y))
(cusco) = (Pulca;cy), Polca, cy)) %)

The implementationdescribedn the paperonly considershe
projective componentHowever, the algorithmitself canin princi-
ple dealwith non-lineardistortionsaswell.

3.2 Alignment measurement

The alignmentalgorithmobserestwo typesof inter-projectorre-
lationships:pointmatchesandline matchesA pointmatchsimply
stateghatapixel (z, y) from oneprojectorlocatesatthe samespot
on the display surface as anotherpixel (z’,3’) from an adjacent
projector® A line matchmeanghata projectedine from onepro-
jectoris co-linearwith anothetline from the neighboringorojector

Therationalefor usingpoint matchess simple:if therearealot
of pointmatchedetweerary pair of adjacenprojectorstheresult
of alignmentcomputatiorwill yield a setof projectionfunctions
thatmaintainC® continuity acrossprojectors.However, the point
matcheghemselesareinsuficientto constrairnthe system.Thisis
particularlysowhenthe projectorsoverlaponly a small portion of
their screensasin atypical displaywall system.Theline matches
provide further shapeconstraintsaswell asC' continuity across
theprojectors Givenasufiicientnumberof pointandline matches,
thereis enoughinformationto figure out the relative positionand
theorientationof the projectors.

The line and point matchescanbe obtainedautomaticallywith
a cameraattachedo a computer Figure 3 containsa brief sketch
of the measuremertlgorithmthat obtainsa point matchbetween
point P from projectorA anda point Q from projectorB. It is es-
sentiallyanegative feedbacKoop. Thefeedbackparametep in the
algorithmis determinedbeforehandeihermanually or automati-
cally by measuringhe distancebetweertwo pixelsin the camera.
The algorithmto obtainline matchesworks in a similar fashion.
Eachline matchconsistsof a point matchbetweenthe innerends
of thetwo line sggmentsanda matchbetweerthe slopesof thetwo
line sgments.

. panthecamerao roughlycenterits FOV on pixel P
. displaya crosscenteredt P on projectorA
. measuré®’slocationL in thecamera
. take aguesof apixel Q in projectorB
. loop
displaya crosscenteredat Q on projectorB
measure’s locationl’ in thecamera
if |L,L'|| > e
Q=Q+p (L-L)
else
return(P, Q)

RPEROONOUAWNE

=o

Figure3: pseudo-codéor obtaininga pointmatch

3Noteherethatwe usethefactthatadjacenprojectorsoverlapby asmall
amount.

3.3 Alignment computation

We formulatethe problemof figuring out a setof projectionfunc-
tions asa global minimization problemwhoseconstraintsare de-
rived from point andline matches.lIt is straightforvard to obtain
aninitial guessfor eachprojectors positionshifts, horizontaland
vertical, basedon the point matchdata. Sincethe projectorsare
alreadyroughly aligned,this guessproducesa goodstartingpoint
thatis closeto the globally optimalsolutionfor our problem.

The constraintsfor the global minimization problemsare pro-
ducedasfollows. Assuming(P:, P?) is the projectionfunctionfor
projectori, eachpoint matchbetweena pixel p1 = (z1,y1) from
projectorl anda pixel p» = (z2, y2) from projector2 resultsin a
Euclideardistanceerror E? onthedisplaysurface:

(P;(xzyz),sz(xuyz))
(u1 — UQ)2 + (v1 — U2)2 ©))

(wi,vi)
EP(p1,p2) =
Each line match betweentwo line segmentsi; = pi1, piz and

l; = P21, p22 producesa point-matcherror and an error basedon
theanglebetweertwo line sggments:

max(E? (p12,pa1), (/Piipiz, P21b23)°)

E'(ly, 1) =

Note that the error term (/pi1piz, p21p2a)>) is alsocomputedn
theglobaldisplayspace.The goalis to minimize the maximumof
theerrorsover all line andpoint matches.

Global minimization over a large numberof continuousvari-
ablesremainsatoughproblem.However, severaleffective methods
do exist. We choseSimulatedAnnealing[10, 6, 11] asthe mini-
mizationmethod. It hasbeenusedsuccessfullyin mary scientific
computationsvith hundredsindeventhousandsf continuousari-
ables.Thistechniques a generalizatiorof a Monte Carlomethod
for examining the equationsof stateand frozen statesof n-body
systemq10]. It mimicsthe mannerin which metalsrecrystallize
in the procesof annealing.Among several publicly availableim-
plementationsyve chosethe one provided by Numerical Recipes
in C[11]. The stateevaluationfunctionrequiredby the annealing
methodis the errorfunctionthatwe justdescribed.

Thesimulated-annealingnethodrequiresrepresentingachpro-
jection functionsusing a vector of continuousvariables. During
ourinitial trials, we discoveredthatanarbitraryprojective transfor
mationmatrix may not correctlydescribea realisticprojectionde-
vice, because projective matrix allows sheardeformationthatan
actualprojectorcannotproduce. Insteadof trying to computethe
8 free parameterdn the projectionmatrix (Equationl), our mini-
mizationroutinescomputesheextrinsicandintrinsic parametersf
eachprojector A projectorcanbe modeledwith 9 parametersX,
Y, Z positionsof the projector its rotationsalongthethreeaxes, its
focallength,andits opticalcenter(cs, ¢, ). Theprojective function
canbe uniquelyderived from theseparameter$l]. Given N pro-
jectorsin thedisplaywall systemalignmentcomputatioramounts
to minimizing the errorfunctionover 9NV continuousvariables(or
10N if radialdistortionis alsoincluded). Thetotal degreeof free-
domin this problemis quitereasonabléor thesimulatedannealing
method asour experimentswill shortlyshaw.

3.4 Computational re-alignment

Having themappingfunctionfor aprojector we canapplyit to cor
recttheimagerydisplayeddy thatprojector simply by re-sampling
theimage. Given a projectors mappingfunction (P, P,), andan
imagesourcel,(u, v) = (r, g, b), we obtaintheintensityvalue I,
for aparticularpixel (z, y) usingtheformula

[:D(Iﬁy) :[S(Pu(x,y),Pv(:t,y)) (4)



Mary studieshave beendoneon efficientre-samplingpf animage.
OnecanusetheMMX instructionson a Pentiumprocessoto sam-
plemultiple pixelsatonce.Anotherinterestingapproachs to lever-
agethe capabilityof graphicsacceleratorsRaskaret al describeca
methodusingthe texture-mappindhardwarefound on mostgraph-
ics accelerator$13, 12]. RecentlyComMiew Visual Systemshas
introducedan ASIC solutionthat providesboth geometriccorrec-
tion andcolor balancingfor multi-projectordisplaysystemg17].

3.5 Discussion

A salientfeatureof the alignmentalgorithmjust describeds that
it avoids cameracalibration.No humaninvolvementis requiredto
take misalignmentmeasuremenbtherthan placing the camera(s)
in front of the displaywall. This featureis madepossibleby tak-
ing only relative measurements.e., pointandline matches.Such
obserationsrequireonly local and“binary” decisionghatary in-
expensve camerawill do.

Measuringonly the pointandline matchesalsomalesit easyto
overcometheresolutionlimitation of an off-the-shelfcamera.One
cansimply panandzoomthe cameraarbitrarily closeto thedisplay
surface,or placemultiple fifty-dollar camerasloseto the display
surface.Highly accurataneasurementsiner thanapixel, areeas-
ily obtainedhisway. Unlike methodsasedn cameracalibration,
this new methodis insensitve to changeof camergparameterslur
ing the zoomandpanmotions,andcaneasilyemplgy mary cam-
erasatno additionalcompleity.

Ouralignmentalgorithmis muchlesssensitve to cameralistor
tionsthanprevious methods.For example,it cantolerateary kind
of cameradistortionwhile taking point matchesprovidedthatthe
cameraremainssteadyduring measurementThe only additional
requiremenfor obtainingaline matchis thatcamerasfield of view
(FOV) is freefrom non-lineardistortions- aslong asastraightline
on the display surfaceshaws up straightin the cameras FOV.* A
naive way to meetthis requirements to usethe centralareaof the
FOV. A sophisticatedolutionis to centerthe FOV ontheadjoining
endsof thetwo matchingline segmentssuchthattheline segments
passthe optical centerof the cameras FOV. This makesthe entire
cameras FOV usableevenin the presencef radial distortion,be-
causea straightline passinghroughthe centerof acamera=QV is
notbentby radialdistortion.

Thedrawvbackof our algorithmis thatit relieson a globalmini-
mizationtechniquehatgivesno corvergenceguaranteeAlthough
thenon-corergencesituationhasnotoccurredn our experiments,
we remaininterestedn finding a deterministicand more efficient
methodto calculatethe projectionfunctions.

4 Implementation and Results

In this sectionwe evaluatethe effectivenesof our alignmentalgo-
rithm with empiricalresultsaswell asa simulationstudy

4.1 Experiment platform

We conductedexperimentson our rearprojectiondisplaywall. It
consistsof 8 Proxima9200LCD portableprojectorsin a 2x4 ar
rangemeni7]. Eachprojectoris capableof displayinga truereso-
lution of 1024x768 Adjacentprojectorsoverlapbetwee0and70
pixels. Thetotalresolutionthatour displaywall offerscomesoutto
about3800pixels wide and 1500pixels high. Thedisplaysurface
consistf two piecesof black screensmadeby Jenmarinc., and
is 18feetwide and8 feettall.

The projectorsare mountedon mechanicalpositioningtables
that have 6 degreesof freedom. Thesetablesare normally used

4Thisis lessstringentthanrequiringthe cameraFOV beallinearfield.

for time-consumingnanualalignmentof theprojectors Butin our
experimentsthey provide uswith aneasymeando “mis-align” the
projectorswith arbitraryrotationsandtranslations.

Driving eachprojectoris a 450 MHz Pentium-l1IPCwith anIn-
tergraphgraphicsaccelerator The PCsareinterconnectedyy two
networks: 100 Mb fast Ethernetand Myrinet. Communication
within this PC clustercan leveragethe very high bandwidthand
low lateny offeredby Userlevel Virtual-Memory-MappedCom-
municationover the Myrinet system-areaetwork [3, 2].

We placea CanonVC-3 videoconferencingameraat an 8-feet
distanceaway in front of the displaywall. This camerahasmo-
torizedpan,tilt, zoomandfocus,all controllablethroughtheserial
port. We wroteour softwarein PythonandC thatcontrolsthe cam-
erato gathemisalignmenbbsenations.Videodigitizationis done
by anintegral VideoGrabbercard.

4.2 Empirical results

Misalignment measurement: On our 8-projectordisplaywall, it
takes 33 minutesto collectthe point andline matchesver a total
of 10 overlappedregions. For eachpair of adjacenfprojectors,10
point matchesand 6 line matchesare obsered. A large amount
of time is spentin panningandtilting the camerato zoomontoa
spot. Using multiple camerasgeachresponsibldor a sub-areaof
thedisplaywall, canreducethe measuremerttme proportionally
Besidesthereis no needto correlateobserationsfrom different
cameras.

The quality of alignmentcomputatiordepends<ritically on the
accurag of the point andline matchesIn our experimentalksetup,
thecamereacaneasilydistinguishtwo adjacenpixelsfrom aprojec-
tor. We usenearest-neighbdit to matchtwo pixelsandtwo lines.
This imples that the worse measuremengrror for a point match
is a half pixel. A more sophisticatedilgorithmsuchasweighted
averagecouldbeusedto increaseéhe measuremerdgccurag.

Figure4: Aligning agrid: beforeandafterpictures

Alignment computation: We runthealignmentcomputatioral-
gorithmonan833MHz Pentiumlll PCwith Ramlusmemory Ta-
ble 1 shaws the time andquality in the alignmentcomputationas
thenumberof annealingstepsincreasesfor variousprojectorcon-
figurationson our displaywall. The quality is expressedn terms
of themaximumerrorbetweertwo pointsin a point match(in pix-
els). The pixel-level error canbe largely attributedto the errorin
the measurementFigure 4 shavs the zoomed-inview of actual
alignmentresultof a grid patternon our 2x4 multi-projectorcon-
figuration. Thecolor plateshavs moreresultsfor the 2x4 projector
configurationall areobtainedfrom the 5,000-stefalignmentcom-
putation.

The quality of simulatedannealingdependsn the numberof
stepsin the annealingprocess. The more stepstaken, the more
gradualthe annealingprocesss and usually the betterthe align-
mentresult. Figure5 plots the alignmentaccurag asa function
of total annealingtime for a few projectorconfigurationson our
displaywall. Theimprovementof accurag is very gradual,asthe
numberof annealingstepsincreasesin a few casesthe accurag



annealingsteps
configuration 1,000 2,000 5,000 10,000 20,000
error time error time error time error time error time
(pixels) | (min) | (pixels) | (min) | (pixels) | (min) | (pixels) | (min) | (pixels) | (min)
x4 0.96 12 0.76 2.4 0.77 6.1 0.89 119 1.19 24.8
2x2 1.25 15 1.38 3.0 132 7.8 1.14 15.4 1.10 30.9
2x3 1.27 17 1.07 35 1.07 8.7 1.42 17.3 112 34.6
2x4 1.49 138 1.44 35 132 8.8 1.50 18.1 1.35 35.7
Tablel: Alignmentaccurag andtime for variousconfigurations
annealingsteps
configuration 1,000 2,000 5,000 10,000 20,000 50,000
error time error time error time error time error time error time
(pixels) | (min) | (pixels) | (min) | (pixels) | (min) | (pixels) | (min) | (pixels) | (min) | (pixels) | (min)
x4 0.47 12 0.63 2.3 0.88 5.8 1.23 114 0.38 23.3 0.78 59.6
1x8 0.38 12 0.43 25 0.53 6.2 0.57 126 0.74 25.2 0.62 63.3
2x2 0.59 15 0.74 2.9 1.07 7.4 0.73 15.2 111 32.1 0.95 78.2
2x4 0.55 17 0.42 34 0.60 85 0.52 17.2 0.35 345 0.61 86.7
3x3 153 18 0.52 36 0.50 8.9 1.29 17.9 0.43 36.1 0.66 91.2
3x6 3.98 18 2.32 37 1.35 9.0 152 185 0.96 37.3 0.99 94.9
4x6 11.95 16 11.83 36 6.85 9.3 2.91 18.6 1.00 38.0 0.83 95.5
4x8 12.93 16 11.76 35 9.80 8.9 8.03 17.9 6.99 36.4 3.15 95.7
Table2: Alignmentcomputatiorresultson simulationdata
2.0 4.3 Simulation results
w ] . . .
T ] In orderto evaluatethe scalabilityof our alignmentalgorithm,we
3 1.5 wrotea simplesimulatorthatgeneratesnisalignmenbbserations
2 1 for anarbitrarily configuredmulti-projectordisplay Thesimulation
o ] assumethatafterroughadjustmenof theprojectorsjmperfectpo-
§ 1.0+ sition and orientationof a projector (total 6 degreesof freedom)
8 1 1x4 contritbute 10 pixels of misalignment,independently The varia-
o] 1 oy tion in zoom distanceand focal lengthis 5 %. In otherwords,
E 0.5+ %3 our simulationassumeghat the projectorsare roughly aligned—
%’ ] oxd a quite realisticassumptiorbasedon our experience. It is these
] 10-pixel variationsthat our automaticalignmentalgorithmtriesto
0.0 — T eliminate. Table2 shavs the quality of alignmentcomputatiorfor
0 10 20 30 40

total annealing time (minutes)

Figure5: Alignmentcomputatioraccurag vs. totalannealingime

actuallyworsens.The very slow improvementcould very well be
the natureof the simulatedannealingechnigue The measurement
errorsandnon-lineardistortionsin the projectorsalsocontrituteto
thefinal errorsin the alignmentcomputation Section4.3 confirms
thiswith errorfreemeasurementsom simulateddisplaywall con-
figurations.

Color plate: Onthe color platetherearethreepairsof images
taken of our 2x4 displaywall. Eachpair consistsof a patternon
themisaligneddisplaywall (the“before” shot)andthe patterncor-
rectedby ourautomatialignmentalgorithm(the“after” shot).Due
to the limited resolutionof our digital camera(a Nikon Coolpix
900), we only took picturesat the intersectionf four projectors,
insteadof providing a high-detailedimage of the entire display
Figure 1 on the color plate shavs the beforeand after picturesof
a grid pattern. Figure 2 shavs the zoomed-inviews. Figure 3
demonstratea high-resolutiormapbeingcorrectedalignedby our
automaticalgorithm. Note thatwe have purposelydisablededge-
blendingwhich is designedo softenthe transitionsbetweeradja-
centprojectors.This is to allow the readerdo examinealignment
andmisalignmenin detail.

varioussimulatedconfigurations.

Thesimulationresultsconfirmthatour algorithmcandealwith a
variety of projectorconfigurationandmisalignmensituationsfor
up to 24 projectorswith satishctoryresults.Unlike in the experi-
ments,the measurements the simulationstudyareprecise.The
effect of errorfreemeasuremenis manifestedasgenerallyhigher
alignmentaccurag for the sameprojectorconfiguratiorthanin the
actualexperiments.

The alignmentcomputatiortime thatis requiredto achiere cer
tain quality, i.e., sub-pixel alignment,generallyincreasesith the
numberof projectorsin the system.Half an houris sufficient for
gettinga sub-pixel alignmentresulton configurationsaryingfrom
1x4 to 4x6. However, the alignmentcomputationyields a notice-
ableerrorof 3 pixelsfor the4x8 configuratiorevenafter96 minutes
of computationFor averylargesystemwith 50 or 100+projectors,
theannealingwill certainlytake hoursto achiere alignmentat the
single pixel level. This is the drawbackof our algorithm. A pos-
sible solutionis to parallelizethe computationusingthe PCsthat
drive the projectorsandthe fast network that connectghesePCs
together Thecomputationatesourcen our systemscaleswith the
numberof projectors Butthechallengés to parallelizetheanneal-
ing algorithm.We arecurrentlyinvestigatingthis approach.

5 Conclusions

In this paperwe describedanautomaticalgorithmto align a multi-
projectordisplay Ouralgorithmusesanuncalibratedcamerao ob-



tain the inter-projectormisalignmeninformation. It thenemplo/s
aglobalminimizationtechniquesimulatedannealingto figureout
goodcorrectionfunctionsto countertheeffectof physicalmisalign-
ment.

We implementedand experimentedbur automaticalignmental-
gorithmfor an 8-projectordisplaywall. The experimentalresults
shaw thatouralgorithmworkswell in therealsetting.We alsoeval-
uatedour algorithmusingdatafrom simulatedmulti-projectordis-
play systems.The simulationresultsshav thatour methodworks
for a systemwith up to 24 projectors.But for systemswith more
projectors the simulatedannealingprocessakesa very long time
to converge.

Our alignmentalgorithmtakes only relatve measurementshat
requireno cameracalibration. It solvesthe inherenttensionbe-
tweenthe relatively low resolutionof a cameraandthe very high
resolutionof a scalabledisplay wall, by allowing the camerato
freely zoomin on a measurementarget. The resultis a highly
accuratecomputationablignmentamongprojectors. In addition,
sinceno cameracalibrationis required,our algorithmcanbe fully
automatedAlthoughouralgorithmcurrentlyignorestheradialdis-
tortion of a projector the global minimization techniquecan be
adaptedo solve for theradialdistortionparameters.

Thereis someroomleft to improve the speedodf alignmentdata
collectionand alignmentcomputation aswe have not yet tried to
optimizetheseprocessesTwo possiblewaysto improve our algo-
rithm are (1) usingmultiple uncalibrateccamerago speedup the
datacollectionprocessand(2) parallelizingthe annealingcompu-
tation over the PC clusterandthe ultra-fastnetwork thattogether
drive thedisplaywall.
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