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Abstract

A scalable,high-resolutiondisplay may be constructedby tiling
many projectedimagesover a singledisplaysurface. Onefunda-
mentalchallengefor sucha displayis to avoid visible seamsdue
to misalignmentamongthe projectors. Traditional methodsfor
avoiding seamsinvolve sophisticatedmechanicaldevicesandex-
pensive CRT projectors,coupledwith extensive humaneffort for
fine-tuningtheprojectors.Thispaperdescribesanautomaticalign-
mentmethodthat relieson aninexpensive, uncalibratedcamerato
measurethe relative mismatchesbetweenneighboringprojectors,
andthencorrecttheprojectedimageryto avoid seamswithout sig-
nificanthumaneffort.

CR Categories and Subject Descriptors: I.4.0[ImageProcess-
ing andComputerVision]: General- ImageDisplays;I.4.1 [Image
ProcessingAnd ComputerVision]: DigitizationandImageCapture
- ImagingGeometry.

Additional Keywords: seamlesstiling, automaticalignment,
projectivemapping,simulatedannealing

1 Introduction

Rapidadvancesin computertechnologyhave madedatavisualiza-
tion widely availableand indispensable.However, the resolution
of the displays,the critical componentin visualization,hasbeen
laggingfar behindotherkey enablingtechnologies.Althoughflat
paneldeviceshave becomecheaperandbetter, it is extremelydif-
ficult andexpensive to producereally high-resolution,large-scale
flat panels.Becauseof thedrive electronicsthat is requiredon the
sidesof apaneldisplay, it is alsoinfeasibleto put togethermultiple
flat panelssideby sidewithoutseams.

Tiling multiple projectorstogetheris a viable way to build a
high-resolution,high-brightness,seamlessdisplay. But, assucha
displaysystemscalesbeyondthreeor four projectors,aligningthe
projectorsbecomesa challengingissue.A multi-projectordisplay
might in principlebeperfectlyalignedby manualmeansjust once;
but in practicephysicalrealities(vibration,lamp-changing,andso
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on)meanthatre-alignmentis frequentlyneeded.Aligning thepro-
jectorsby handis atime-consumingtaskthatrequiresbothskill and
experience.It alsorequirestheuseof eithersophisticatedmechan-
ical devicesor electronbeamadjustmentfoundonly on expensive
CRT projectors.

Alternatively onecanemploy computervision and imagepro-
cessingtechniquesto digitally align theprojectors.By warpingthe
images,thecomputercancorrecttheprojectedimageryto account
for the physicalrealitiesof misalignment[4, 16, 17]. In orderto
applythecorrectamountof digital compensation,thecomputerhas
to first measureaccuratelytheactualmisalignment.

The researchchallengehere is to devise efficient algorithms
without using expensive camerasand instruments.One could in
theoryusea camerawith extremelyhigh resolutionto measurethe
misalignment.Unfortunately, sucha device is hardto getandcan
costevenmorethanthedisplayitself. Commodityvideocameras
areinexpensive andavailableeverywhere,but they suffer from low
resolution.Althoughcalibratingthecamerasovercomesthis prob-
lem, thecalibrationprocessitself involveshumanlaborandcould
becometime-consuming.

We have developeda novel algorithmthat usesan inexpensive
anduncalibratedcamerato aligntheprojectors.Ourmethodavoids
cameracalibrationby takingonly relative measurements— for in-
stance,matchinga few pointsandlines betweena pair of projec-
tors. Sincethe cameraonly has to make “binary” decisionsre-
gardingthesemeasurements,it is free to zoomandpanarbitrarily
closeto thetargetspotto obtainhighly accurateobservations.Our
alignmentalgorithmemploys thesimulatedannealingtechniqueto
“stitch” thelocalobservationstogetherinto aself-consistentglobal
picture,and find a setof projectionmappingsthat areconsistent
with theobservations.

Therestof thepaperdescribesin detailourautomaticalignment
methodandourexperimentalresults.

2 Background and Previous Work

Multi-projector displays have been around for more than two
decades[9]. Previous systemsemployed expensive CRT projec-
tors which have sophisticatedmechanismsfor adjusting image
distortion and color balance. Aligning the projectorswas typi-
cally donemanuallyby trainedtechnicians;theprocessoftentook
hours. In recentyears,portablepresentationprojectorsbasedon
LCD or Digital Micro-mirror Devices (DMD) have becomein-
creasinglycheaper, brighter, andmorecompact.Thereis new in-
terestin building high-resolutiondisplaysout of thesecommodity
projectorsfor office andresearchenvironmentsandfor entertain-
ment[14, 7, 15, 18, 19]. Thishasspurredseveralresearchprojects
that studyseamlesstiling of inexpensive LCD andDMD projec-
tors[16, 4, 8, 5].

Existing alignmentalgorithmsusually consistof two stages,
cameracalibrationandgeometricregistration.In thefirst stage,one
or morecamerasarecalibratedaccordingto a fixedglobalcoordi-
natesystem(either2-dimensionalor 3-dimensional).In thesecond



stage,thecalibratedcamerasserve asmeasurementinstrumentsto
mappixels from eachprojectorto the pointsin theglobal coordi-
natesystem.

SuratiandKnight developedanalgorithmthatusesa camerato
mapthepixelsfrom eachprojectorto thepointsin apre-established
globalscreencoordinatesystem[16]. During thecalibrationstage,
a camerais calibratedagainsta fine grid affixedto thedisplaysur-
face. The grid is physicallydrawn by a high-precisionplotter. A
mappingis establishedbetweenpixels in the camerafield andthe
physicalpointsonthedisplaysurface.In theregistrationstage,each
projectorprojectsa regulargrid onto the displaysurface. A com-
putervision algorithmaccuratelylocateseachprojectedgrid point
in thecamera’s field of view. Usingthecamera-to-display-surface
mappingestablishedpreviously, theprojectedgrid point (or apixel
in the projector)is mappedto a physicalpoint on the displaysur-
facewith highprecision.Thismethodworkswell for asmall-scale
displaywall. It candealwith arbitrarydistortionsof theprojectors.
However, usinganabsolutemeasurementgrid to calibratethecam-
erapreventsthis methodfrom scalingfor a largedisplaywall; it is
problematicwhetheronecangenerateaphysicalor projectavirtual
measurementgrid thatis largeenoughbut still hasfineprecision.

Raskaret al. attemptedto solve a generalcasein which thedis-
play surfacecanbearbitrarily complex, for example,thecornerof
a wall, or a curvedscreen[4]. This requiresregistrationof the3D
surfacegeometryof thescreensurfaceaswell asregistrationof the
projectedpixelsonthedisplaysurface.Theiralgorithmusesknown
3D objectssuchaspaintedboxesto calibratethe extrinsic andin-
trinsic parametersof a few fixedcameras.Two calibratedcameras
thatoverlapin their fieldsof view canobserve thesamemeshpat-
terndisplayedby a projector. Theobservationsfrom bothcameras
arecorrelatedusingthestereovision technique;from this correla-
tion theexactlocationof aprojectedpixel on thedisplaysurfaceis
derived. Thelocationinformationis in the3D spaceandtherefore
alsorevealsthesurfacecontourof thescreen.Thedrawbackof this
approachis againtherequirementof cameracalibration.

Our work differs from previous work by the useof an uncali-
bratedcamerato observe misalignmentamongtheprojectors.The
useof cameracalibrationimpliesthatthecamerasthemselvesmust
befixedandcannotpanandzoomduringmeasurement,for other-
wisecameraparameterswill haveto calibratedcontinuously. It also
requiressettingup known objectssuchasasfine-plottedgrid and
regular3D objects.Avoiding cameracalibrationcangreatlymini-
mizetheamountof humaninvolvementandequipmentrequiredin
multi-projectoralignment.

3 The Automatic Alignment Algorithm

Our automaticalignmentalgorithmconsistsof two stages.In the
misalignment measurement stage,the cameraobserves geometric
relationships– point matchesand line matches– betweenadja-
centprojectors. In the alignment computation stage,we setup a
multi-dimensionalglobalminimizationproblemwhoseconstraints
arethoseobservations.Theminimizationprocessproducesasetof
alignmentcorrectionfunctions,onefor eachprojector, that main-
tain ��� and �
	 continuitiesacrosstheprojectors.Figure1 showsa
schematicof our alignmentsystem. Our algorithmassumesthat
projectorsare alreadyroughly aligned. This is a reasonableas-
sumption,becausecoarsealignmentcan be easily accomplished
with an inexpensive projectorrack andsomemanualadjustment.
Essentiallywe assumethat the projectorsare not so badly mis-
alignedthatcomputationalalignmentis impossible.

3.1 Projection function

Beforegetting into the detailsof our alignmentalgorithm, let us
first review the mathematicalrepresentationfor a multi-projector
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Figure1: Camera-basedAlignmentDataCollection

system. Projectioncanbe thoughtof asa mappingbetweenpix-
els in projectorspace�������� andthe illuminateddots �������� on the
globaldisplayspace.This mapping,or the projection function, is
normallyaccomplishedwith a lenssystem.1 Figure2 shows acon-
ceptualdiagramof a typical lenssystem.Theprojectionfunction
canbedecomposedinto two parts,theprojective transformation�
andthenon-lineardistortion� :2

������������������ ����������!����"#������$�%�!�&��"'�� ����������!����"#������$�%�%�
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Figure2: Conceptualdiagramof aprojectionsystem

Theprojective transformationcanbeexpressedby a3x3projec-
tion transformationin homogeneouscoordinatesusing8 free pa-
rameters�(*),+-�!��.���/1020 3#�54
��/1020 3 [1]:

���6��������7� ( 	%	98 �;:<( 	%=98 �>:?( 	A@( @B	C8 �D:?( @B=C8 �E:F/
� "���������7� ( =%	98 �;:<( =%=98 �>:?( =A@( @B	C8 �D:?( @B=C8 �E:F/ (1)

1The algorithmpresentedherecould in principle be appliedto curved
displaysurfacesaswell, in which case,a 2D parametriccoordinatesystem
canbeusedo thedisplaysurface.

2This is only an approximationto anactualprojectiondevice, asit ig-
noresseveraldistortioneffectssuchascolordispersion.



Theradialdistortionwith respectto anopticalcenter�GIHJ��GLKM� anda
distortionparameterN is givenas

��������O���P� �Q:*N 8 ��SRTGL�U� 8WV =
�S"#����O���P� �>:<N 8 ��QRXGI"!� 8YV =

V � ��SRTGL�U� = :Z��QR[GI"1� =
����O���P� �� � ��������!��� " ��������%�

�GL����GI"M�P� ����6�G H ��G K �!��� "'�G H ��G K �%� (2)

The implementationdescribedin the paperonly considersthe
projective component.However, thealgorithmitself canin princi-
pledealwith non-lineardistortionsaswell.

3.2 Alignment measurement

The alignmentalgorithmobservestwo typesof inter-projectorre-
lationships:pointmatchesandline matches.A pointmatchsimply
statesthatapixel ������$� from oneprojectorlocatesat thesamespot
on the display surfaceas anotherpixel ��6\&����\]� from an adjacent
projector.3 A line matchmeansthata projectedline from onepro-
jectoris co-linearwith anotherline from theneighboringprojector.

Therationalefor usingpointmatchesis simple:if therearea lot
of pointmatchesbetweenany pairof adjacentprojectors,theresult
of alignmentcomputationwill yield a setof projectionfunctions
thatmaintain � � continuityacrossprojectors.However, thepoint
matchesthemselvesareinsufficient to constrainthesystem.This is
particularlysowhentheprojectorsoverlaponly a smallportionof
their screens,asin a typical displaywall system.Theline matches
provide further shapeconstraints,aswell as � 	 continuity across
theprojectors.Givenasufficientnumberof pointandline matches,
thereis enoughinformationto figureout the relative positionand
theorientationof theprojectors.

The line andpoint matchescanbe obtainedautomaticallywith
a cameraattachedto a computer. Figure3 containsa brief sketch
of the measurementalgorithmthatobtainsa point matchbetween
point P from projectorA anda point Q from projectorB. It is es-
sentiallyanegativefeedbackloop. ThefeedbackparameterN in the
algorithmis determinedbeforehandeihermanually, or automati-
cally by measuringthedistancebetweentwo pixels in thecamera.
The algorithmto obtain line matchesworks in a similar fashion.
Eachline matchconsistsof a point matchbetweenthe innerends
of thetwo line segmentsandamatchbetweentheslopesof thetwo
line segments.

1. panthecamerato roughlycenterits FOV onpixel P
2. displayacrosscenteredat Pon projectorA
3. measureP’s locationL in thecamera
4. take aguessof apixel Q in projectorB
5. loop
6. displayacrosscenteredat Q on projectorB
7. measureQ’s locationL’ in thecamera
8. if ^-_`�O_ \�^
a<b
9. cd�ec<:*N 8 �_fR[_ \ �
10. else
11. return(P, Q)

Figure3: pseudo-codefor obtainingapointmatch

3Noteherethatweusethefactthatadjacentprojectorsoverlapbyasmall
amount.

3.3 Alignment computation

We formulatetheproblemof figuring out a setof projectionfunc-
tions asa global minimizationproblemwhoseconstraintsarede-
rived from point andline matches.It is straightforward to obtain
an initial guessfor eachprojector’s positionshifts, horizontaland
vertical, basedon the point matchdata. Sincethe projectorsare
alreadyroughlyaligned,this guessproducesa goodstartingpoint
thatis closeto thegloballyoptimalsolutionfor ourproblem.

The constraintsfor the global minimizationproblemsare pro-
ducedasfollows. Assuming�� )� �O� )" � is theprojectionfunctionfor
projector. , eachpoint matchbetweena pixel g 	 ���� 	 �O� 	 � from
projector1 anda pixel g = �h�� = ��� = � from projector2 resultsin a
Euclideandistanceerror iQj on thedisplaysurface:

��k)�����)l�7� �� )� ��k)�����)l�!��� )" ��m)O����)A�%�
i j �g 	 ��g = �7� �� 	 RT� = � = :Z�� 	 RX� = � = (3)

Each line match betweentwo line segments n ) � g 	%	 ��g 	%= and
nO)$� g =%	 ��g =%= producesa point-matcherror andan error basedon
theanglebetweentwo line segments:

iSo&�n 	 ��n = �7� pQqIr5�i j �g 	%= ��g =%	 �!�B�ts g 	%	 g 	%= � g =%	 g =%= � = �
Note that the error term �ts g 	%	 g 	%= � g =%	 g =%= �!=t� is alsocomputedin
theglobaldisplayspace.Thegoal is to minimizethemaximumof
theerrorsoverall line andpointmatches.

Global minimization over a large numberof continuousvari-
ablesremainsatoughproblem.However, severaleffectivemethods
do exist. We choseSimulatedAnnealing[10, 6, 11] as the mini-
mizationmethod.It hasbeenusedsuccessfullyin many scientific
computationswith hundredsandeventhousandsof continuousvari-
ables.This techniqueis a generalizationof a MonteCarlomethod
for examining the equationsof stateand frozen statesof n-body
systems[10]. It mimics the mannerin which metalsrecrystallize
in theprocessof annealing.Amongseveralpublicly availableim-
plementations,we chosethe oneprovided by Numerical Recipes
in C [11]. Thestateevaluationfunction requiredby theannealing
methodis theerrorfunctionthatwe justdescribed.

Thesimulated-annealingmethodrequiresrepresentingeachpro-
jection functionsusing a vector of continuousvariables. During
our initial trials,wediscoveredthatanarbitraryprojective transfor-
mationmatrix maynot correctlydescribea realisticprojectionde-
vice, becausea projective matrix allows sheardeformationthatan
actualprojectorcannotproduce.Insteadof trying to computethe
8 free parametersin the projectionmatrix (Equation1), our mini-
mizationroutinescomputestheextrinsicandintrinsicparametersof
eachprojector. A projectorcanbemodeledwith 9 parameters,X,
Y, Z positionsof theprojector, its rotationsalongthethreeaxes,its
focal length,andits opticalcenter�GUHU��GIK1� . Theprojective function
canbeuniquelyderived from theseparameters[1]. Given u pro-
jectorsin thedisplaywall system,alignmentcomputationamounts
to minimizing theerror functionover vMu continuousvariables(or
/-w1u if radialdistortionis alsoincluded).Thetotal degreeof free-
domin thisproblemis quitereasonablefor thesimulatedannealing
method,asourexperimentswill shortlyshow.

3.4 Computational re-alignment

Having themappingfunctionfor aprojector, wecanapplyit to cor-
recttheimagerydisplayedby thatprojector, simplyby re-sampling
theimage.Givena projector’s mappingfunction �� � �O� " � , andan
imagesourcexJyM��������z�{�|U��}~���1� , we obtaintheintensityvalue x j
for aparticularpixel ������$� usingtheformula

x j �����������x'y!�� ����������!��� "'��������%� (4)



Many studieshavebeendoneonefficient re-samplingof animage.
OnecanusetheMMX instructionsonaPentiumprocessorto sam-
plemultiplepixelsatonce.Anotherinterestingapproachis to lever-
agethecapabilityof graphicsaccelerators.Raskaret al describeda
methodusingthetexture-mappinghardwarefoundon mostgraph-
ics accelerators[13, 12]. RecentlyComView Visual Systemshas
introducedan ASIC solutionthat providesboth geometriccorrec-
tion andcolorbalancingfor multi-projectordisplaysystems[17].

3.5 Discussion

A salientfeatureof the alignmentalgorithmjust describedis that
it avoidscameracalibration.No humaninvolvementis requiredto
take misalignmentmeasurementother thanplacingthe camera(s)
in front of the displaywall. This featureis madepossibleby tak-
ing only relative measurements,i.e., point andline matches.Such
observationsrequireonly local and“binary” decisionsthatany in-
expensive camerawill do.

Measuringonly thepointandline matchesalsomakesit easyto
overcometheresolutionlimitation of anoff-the-shelfcamera.One
cansimplypanandzoomthecameraarbitrarilycloseto thedisplay
surface,or placemultiple fifty-dollar camerascloseto the display
surface.Highly accuratemeasurements,finer thana pixel, areeas-
ily obtainedthisway. Unlikemethodsbasedoncameracalibration,
thisnew methodis insensitive to changeof cameraparametersdur-
ing thezoomandpanmotions,andcaneasilyemploy many cam-
erasat noadditionalcomplexity.

Ouralignmentalgorithmis muchlesssensitive to cameradistor-
tionsthanpreviousmethods.For example,it cantolerateany kind
of cameradistortionwhile takingpoint matches,providedthat the
cameraremainssteadyduring measurement.The only additional
requirementfor obtainingaline matchis thatcamera’sfield of view
(FOV) is freefrom non-lineardistortions– aslongasastraightline
on the displaysurfaceshows up straightin the camera’s FOV.4 A
naive way to meetthis requirementis to usethecentralareaof the
FOV. A sophisticatedsolutionis to centertheFOV ontheadjoining
endsof thetwo matchingline segments,suchthattheline segments
passtheopticalcenterof thecamera’s FOV. This makestheentire
camera’s FOV usableeven in thepresenceof radialdistortion,be-
causeastraightline passingthroughthecenterof acameraFOV is
notbentby radialdistortion.

Thedrawbackof our algorithmis thatit relieson a globalmini-
mizationtechniquethatgivesno convergenceguarantee.Although
thenon-convergencesituationhasnotoccurredin ourexperiments,
we remaininterestedin finding a deterministicandmoreefficient
methodto calculatetheprojectionfunctions.

4 Implementation and Results

In thissectionweevaluatetheeffectivenessof our alignmentalgo-
rithm with empiricalresultsaswell asasimulationstudy.

4.1 Experiment platform

We conductedexperimentson our rear-projectiondisplaywall. It
consistsof 8 Proxima9200LCD portableprojectorsin a 2x4 ar-
rangement[7]. Eachprojectoris capableof displayinga truereso-
lution of 1024x768.Adjacentprojectorsoverlapbetween40and70
pixels.Thetotalresolutionthatourdisplaywall offerscomesoutto
about3800pixelswide and1500pixelshigh. Thedisplaysurface
consistsof two piecesof blackscreens,madeby Jenmar, Inc., and
is 18 feetwideand8 feettall.

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

4This is lessstringentthanrequiringthecameraFOV bea linearfield.

for time-consumingmanualalignmentof theprojectors.But in our
experiments,they provideuswith aneasymeansto “mis-align” the
projectorswith arbitraryrotationsandtranslations.

Driving eachprojectoris a 450MHz Pentium-IIPCwith anIn-
tergraphgraphicsaccelerator. The PCsareinterconnectedby two
networks: 100 Mb fast Ethernetand Myrinet. Communication
within this PC clustercan leveragethe very high bandwidthand
low latency offeredby User-level Virtual-Memory-MappedCom-
municationover theMyrinet system-areanetwork [3, 2].

Weplacea CanonVC-3 videoconferencingcameraat an8-feet
distanceaway in front of the displaywall. This camerahasmo-
torizedpan,tilt, zoomandfocus,all controllablethroughtheserial
port. Wewroteoursoftwarein PythonandC thatcontrolsthecam-
erato gathermisalignmentobservations.Videodigitizationis done
by anIntegralVideoGrabbercard.

4.2 Empirical results

Misalignment measurement: On our 8-projectordisplaywall, it
takes33 minutesto collect thepoint andline matchesover a total
of 10 overlappedregions. For eachpair of adjacentprojectors,10
point matchesand6 line matchesare observed. A large amount
of time is spentin panningandtilting the camerato zoomonto a
spot. Using multiple cameras,eachresponsiblefor a sub-areaof
thedisplaywall, canreducethemeasurementtime proportionally.
Besides,thereis no needto correlateobservationsfrom different
cameras.

Thequality of alignmentcomputationdependscritically on the
accuracy of thepoint andline matches.In our experimentalsetup,
thecameracaneasilydistinguishtwo adjacentpixelsfrom aprojec-
tor. We usenearest-neighborfit to matchtwo pixelsandtwo lines.
This imples that the worsemeasurementerror for a point match
is a half pixel. A moresophisticatedalgorithmsuchasweighted
averagecouldbeusedto increasethemeasurementaccuracy.

Figure4: Aligning agrid: beforeandafterpictures

Alignment computation: Werunthealignmentcomputational-
gorithmonan833MHz PentiumIII PCwith Rambusmemory. Ta-
ble 1 shows thetime andquality in thealignmentcomputation,as
thenumberof annealingstepsincreases,for variousprojectorcon-
figurationson our displaywall. The quality is expressedin terms
of themaximumerrorbetweentwo pointsin apointmatch(in pix-
els). The pixel-level error canbe largely attributedto the error in
the measurement.Figure4 shows the zoomed-inview of actual
alignmentresultof a grid patternon our 2x4 multi-projectorcon-
figuration.Thecolorplateshowsmoreresultsfor the2x4projector
configuration,all areobtainedfrom the5,000-stepalignmentcom-
putation.

The quality of simulatedannealingdependson the numberof
stepsin the annealingprocess. The more stepstaken, the more
gradualthe annealingprocessis andusually the betterthe align-
ment result. Figure5 plots the alignmentaccuracy asa function
of total annealingtime for a few projectorconfigurationson our
displaywall. Theimprovementof accuracy is very gradual,asthe
numberof annealingstepsincreases;in a few cases,the accuracy



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)

1x4 0.96 1.2 0.76 2.4 0.77 6.1 0.89 11.9 1.19 24.8
2x2 1.25 1.5 1.38 3.0 1.32 7.8 1.14 15.4 1.10 30.9
2x3 1.27 1.7 1.27 3.5 1.27 8.7 1.42 17.3 1.12 34.6
2x4 1.49 1.8 1.44 3.5 1.32 8.8 1.50 18.1 1.35 35.7

Table1: Alignmentaccuracy 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)

1x4 0.47 1.2 0.63 2.3 0.88 5.8 1.23 11.4 0.38 23.3 0.78 59.6
1x8 0.38 1.2 0.43 2.5 0.53 6.2 0.57 12.6 0.74 25.2 0.62 63.3
2x2 0.59 1.5 0.74 2.9 1.07 7.4 0.73 15.2 1.11 32.1 0.95 78.2
2x4 0.55 1.7 0.42 3.4 0.60 8.5 0.52 17.2 0.35 34.5 0.61 86.7
3x3 1.53 1.8 0.52 3.6 0.50 8.9 1.29 17.9 0.43 36.1 0.66 91.2
3x6 3.98 1.8 2.32 3.7 1.35 9.0 1.52 18.5 0.96 37.3 0.99 94.9
4x6 11.95 1.6 11.83 3.6 6.85 9.3 2.91 18.6 1.00 38.0 0.83 95.5
4x8 12.93 1.6 11.76 3.5 9.80 8.9 8.03 17.9 6.99 36.4 3.15 95.7

Table2: Alignmentcomputationresultson simulationdata
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Figure5: Alignmentcomputationaccuracy vs. totalannealingtime

actuallyworsens.Thevery slow improvementcouldvery well be
thenatureof thesimulatedannealingtechnique.Themeasurement
errorsandnon-lineardistortionsin theprojectorsalsocontributeto
thefinal errorsin thealignmentcomputation.Section4.3confirms
thiswith error-freemeasurementsfrom simulateddisplaywall con-
figurations.

Color plate: On the color platetherearethreepairsof images
taken of our 2x4 displaywall. Eachpair consistsof a patternon
themisaligneddisplaywall (the“before” shot)andthepatterncor-
rectedby ourautomaticalignmentalgorithm(the“after” shot).Due
to the limited resolutionof our digital camera(a Nikon Coolpix
900),we only took picturesat the intersectionsof four projectors,
insteadof providing a high-detailedimageof the entire display.
Figure1 on the color plateshows the beforeandafter picturesof
a grid pattern. Figure 2 shows the zoomed-inviews. Figure 3
demonstratesahigh-resolutionmapbeingcorrectedalignedby our
automaticalgorithm. Note thatwe have purposelydisablededge-
blendingwhich is designedto softenthetransitionsbetweenadja-
centprojectors.This is to allow the readersto examinealignment
andmisalignmentin detail.

4.3 Simulation results

In orderto evaluatethescalabilityof our alignmentalgorithm,we
wrotea simplesimulatorthatgeneratesmisalignmentobservations
for anarbitrarilyconfiguredmulti-projectordisplay. Thesimulation
assumesthatafterroughadjustmentof theprojectors,imperfectpo-
sition andorientationof a projector(total 6 degreesof freedom)
contribute 10 pixels of misalignment,independently. The varia-
tion in zoom distanceand focal length is 5 %. In other words,
our simulationassumesthat the projectorsare roughly aligned–
a quite realistic assumptionbasedon our experience. It is these
10-pixel variationsthatour automaticalignmentalgorithmtries to
eliminate.Table2 shows thequality of alignmentcomputationfor
varioussimulatedconfigurations.

Thesimulationresultsconfirmthatouralgorithmcandealwith a
varietyof projectorconfigurationsandmisalignmentsituations,for
up to 24 projectors,with satisfactoryresults.Unlike in theexperi-
ments,themeasurementsin thesimulationstudyareprecise.The
effectof error-freemeasurementsis manifestedasgenerallyhigher
alignmentaccuracy for thesameprojectorconfigurationthanin the
actualexperiments.

Thealignmentcomputationtime that is requiredto achieve cer-
tain quality, i.e., sub-pixel alignment,generallyincreaseswith the
numberof projectorsin the system.Half an hour is sufficient for
gettingasub-pixel alignmentresultonconfigurationsvaryingfrom
1x4 to 4x6. However, the alignmentcomputationyieldsa notice-
ableerrorof 3pixelsfor the4x8configurationevenafter96minutes
of computation.For averylargesystemwith 50or 100+projectors,
theannealingwill certainlytake hoursto achieve alignmentat the
singlepixel level. This is the drawbackof our algorithm. A pos-
sible solutionis to parallelizethe computationusingthe PCsthat
drive the projectorsandthe fastnetwork that connectsthesePCs
together. Thecomputationalresourcein our systemscaleswith the
numberof projectors.But thechallengeis to parallelizetheanneal-
ing algorithm.Wearecurrentlyinvestigatingthisapproach.

5 Conclusions

In thispaper, wedescribedanautomaticalgorithmto alignamulti-
projectordisplay. Ouralgorithmusesanuncalibratedcamerato ob-



tain the inter-projectormisalignmentinformation. It thenemploys
aglobalminimizationtechnique,simulatedannealing,to figureout
goodcorrectionfunctionsto countertheeffectof physicalmisalign-
ment.

We implementedandexperimentedour automaticalignmental-
gorithm for an 8-projectordisplaywall. The experimentalresults
show thatouralgorithmworkswell in therealsetting.Wealsoeval-
uatedour algorithmusingdatafrom simulatedmulti-projectordis-
play systems.Thesimulationresultsshow thatour methodworks
for a systemwith up to 24 projectors.But for systemswith more
projectors,thesimulatedannealingprocesstakesa very long time
to converge.

Our alignmentalgorithmtakesonly relative measurementsthat
requireno cameracalibration. It solves the inherenttensionbe-
tweenthe relatively low resolutionof a cameraandthe very high
resolutionof a scalabledisplay wall, by allowing the camerato
freely zoom in on a measurementtarget. The result is a highly
accuratecomputationalalignmentamongprojectors. In addition,
sinceno cameracalibrationis required,our algorithmcanbefully
automated.Althoughouralgorithmcurrentlyignorestheradialdis-
tortion of a projector, the global minimization techniquecan be
adaptedto solve for theradialdistortionparameters.

Thereis someroomleft to improve thespeedof alignmentdata
collectionandalignmentcomputation,aswe have not yet tried to
optimizetheseprocesses.Two possiblewaysto improve our algo-
rithm are(1) usingmultiple uncalibratedcamerasto speedup the
datacollectionprocess,and(2) parallelizingtheannealingcompu-
tation over the PC clusterandthe ultra-fastnetwork that together
drive thedisplaywall.
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