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Abstract

We presenta practicalvision-basedcalibrationsystemfor
large format multi-projector displays. A spanningtree
of homographies,automaticallyconstructedfrom several
camera images, accurately registers arbitrarily-mounted
projectorsto a global referenceframe. Experimentson
the 18'� 8' PrincetonDisplay Wall (a 24 projectorarray
with 6000� 3000resolution)demonstratethatouralgorithm
achievessub-pixel accuracy evenon largedisplaysurfaces.
A directcomparisonwith thepreviousbestalgorithmshows
that our techniqueis signi�cantly moreaccurate,requires
far fewer cameraimages,and runs fasterby an order of
magnitude.

1. Intr oduction
Largeformathigh-resolutiondisplaydevicesarebecoming
increasinglyimportantfor scienti�c visualization,industrial
designandentertainmentapplications.A popularapproach
to building suchdisplaysis theprojectorarray, wheresev-
eral commercially-availableprojectorsaretiled to createa
seamless,high-resolutiondisplaysurface.

Theprojectorsin thearrayrequireprecisegeometriccal-
ibrationto preventartifactsin the�nal display. This is typi-
cally doneby manuallyaligningtheprojectorssothattheir
projectionareastile thedesiredspace,andthenpre-warping
the projectedimageto eliminatekeystoninganddisconti-
nuities. Unfortunately, this processis labor-intensive and
time-consuming;furthermore,thedisplaywall requiresfre-
quentrecalibrationsincetheprojectorsshift slightly dueto
vibrationandthermal�e xing in themounts.Given the in-
creasingdemandfor largeformatdisplaywalls, calibration
solutionsmustscalewell to multi-projectorarraysof arbi-
trarysize.

Several ideasfor camera-basedautomationof projector
array alignmenthave recentlybeenproposed. Surati [6]
builds lookuptablesthatmappixelsfrom eachprojectorto
pointson thedisplaysurface;this is doneby physically at-

tachinga calibrationgrid (printedby a high-precisionplot-
ter) onto the surface. While this approachis adequatefor
a 2� 2 array of projectors,it scalespoorly for larger dis-
plays sincecreatingand accuratelymountingan absolute
measurementgrid onto the display surface is infeasible.
Raskaret al. [4] employ two calibratedcamerasin con-
junctionwith projectedpatternsto recover a 3-D modelof
a (possiblynon-planar)projectionsurface. However, this
methodrequiresthat the entire display surface be small
enoughto be completelyvisible in the cameras'�eld of
view. As display walls becomelarger, capturinga single
cameraimageof theentiredisplaysurfacebecomesincreas-
ingly impractical.This motivatesapproachesthatcaninte-
grateinformationaboutthe projectorgeometryfrom a set
of cameraimages,eachof whichobserveasmallportionof
thedisplaysurface.Chenet al. [2] usea pan-tilt camerato
observe the individual overlapregions in the projectorar-
ray. Informationaboutlocal discontinuities(point-matches
andline matchesacrossthe seam)is acquiredusingan it-
erative process,anda largeglobaloptimizationproblemis
constructedusing this data. Simulatedannealingis used
to �nd a setof pre-warpsthat minimizesdiscontinuityer-
rors. The primary advantageof their algorithm (referred
to as SA-Align in the remainderof this paper)is that, in
principle, it scaleswell to largedisplaywalls sincetheun-
calibratedcameracaneasily scanthe overlap regions. In
practice,SA-Align is very slow andoftenfails to converge
to thecorrectsolutionunlesstheinitial (manual)alignment
betweenprojectorsis good.

This paperpresentsa scalableapproachto displaywall
calibrationthat is bothmoreaccurateandfasterthanexist-
ing approaches.It is motivatedby thesingle-projectorkey-
stonecorrectionsystemdescribedin [5], adaptedto employ
imagestakenfrom multiple,uncalibratedcameras.Oursys-
tem ef�ciently scalesto projectorarraysof arbitrary size
without sacri�cing local or globalalignmentaccuracy. The
experimentsdescribedin this paperwereperformedon the
PrincetonScalableDisplayWall [3], an18'� 8' 24 projec-



Figure1: The Princeton Scalable Display Wall is an 18'� 8'
display (the largest in academia), with an effective resolu-
tion of 6000� 3000 pixels. This photograph was taken from
behind the rear-projection screen and shows the array of 24
Compaq MP-1800 projectors.

tor displaywith aneffectiveresolutionof 6000� 3000pixels
(seeFigure1).

2. Display Wall Calibration
We assumethat: thepositions,orientationsandopticalpa-
rametersof thecamerasandprojectorsareunknown; cam-
era and projector optics can be modeledby perspective
transforms;theprojectionsurfaceis �at. Therefore,thevar-
ioustransformsbetweencameras,screenandprojectorscan
all bemodeledas2-D planarhomographies:
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where(x; y) and (X ; Y ) are correspondingpoints in two
framesof reference,and~h = (h1 : : : h9)T (constrained
by j~hj = 1) aretheparametersspecifyingthehomography.
Theseparameterscan be determinedfrom as few as four
point correspondences,usingthe closed-formsolutionde-
scribedin [5].

Oursystememploystheabovetechniqueto computetwo
typesof homographies:camera-to-cameraandprojector-to-
camera.Eachis describedin greaterdetailbelow, andillus-
tratedin Figure2.

First, camera-to-camerahomographiescapturethe re-
lationshipbetweendifferent cameraviews of the display
surface. Although eachview typically observesonly four
or fewer projectors,the systemcombinestheseviews to
generatea referenceframe for the entire display surface.
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Figure2: This diagram shows the relationship between the
various homographies described in the text. Our system's
goal is to recover the homography (R Pk ) mapping each pro-
jector k, to the global reference frame. Although R Pk cannot
directly be observed, it can be derived by composing j Pk ,
the homography between that projector and some camera,
and the chain of homographies connecting that camera to
the root node of the homography tree. The geometric distor-
tion for images projected by k's can then be corrected using
a pre-warp of R P � 1

k .

Conceptually, this is equivalent to automaticallybuilding
a panoramicmosaicfrom a setof photographs.Onecan-
not directly computea homography betweentwo camera
views that do not overlapsincethey shareno point corre-
spondences.Therefore,our systembuilds a treeof homog-
raphy relationshipsbetweenadjacentviews that spansthe
completesetof cameras1; themappingfrom any givencam-
erato thepanoramicreferenceframeis determinedby com-
poundingthehomographiesalongthepathto thereference
view at therootof thetree:

R H j = R H1 � 1Ci � � � � � i Cj ;

whereR H j is the homography mappingpointsfrom cam-
eraj to the global referenceframe,sCt arehomographies
connectingadjacentcameraviews andR H1 mapsthe root
cameraview to theglobalreferenceframe.2

Second, the projector-to-camerahomographiestrans-
form eachprojector'sareaof projectioninto somecamera's
coordinatesystem.Thesehomographiesaredeterminedas
follows. A white rectangleis displayedby projectork; this
appearsassomequadrilateralon the displaysurface(due
to keystoning),andas some(other)quadrilateralin some
cameraview j . The cornersof the projectedrectangleare

1Thehomography treeis re�ned in asecondpassasdescribedin [1].
2The transformR H 1 ensuresthat the global frame axes are aligned

with thedisplaysurfaceratherthantheroot camera;R H 1 is computedby
observinga referencerectangleon thedisplaywall from any camera.



known in the projectorframe of referenceand the corre-
spondingcornersof the quadrilateralare determined(to
sub-pixel accuracy) in thecameraimage.This givesusthe
projector-to-camerahomography j Pk . Sincewe know the
mappingbetweenany cameraj and the referenceframe,
thisenablesusto computeR Pk , thetransformfrom projec-
tor k to the referenceframe: R Pk = R H j � j Pk . Note
that R Pk capturesthe geometricdistortioninducedby the
projector's off-centerplacement.This distortioncanbere-
movedby pre-warpingeachprojectork's outputby R P � 1

k .
Resultsareshown in Figure3 anddiscussedbelow.

3. Results
This sectionpresentsevaluationsof our algorithmon three
importantmetrics: local alignmenterror, global alignment
errorandrunningtime. Resultswereobtainedfor a variety
of multi-projectorarraysunder threeexperimentalcondi-
tions: (1) uncalibratedprojectorarray;(2) arraycalibrated
using the previous bestsolution, SA-Align [2]; (3) array
calibratedusingour algorithm. All experimentswereper-
formedon the samehardwaresetup: the 24-projectordis-
playwall atPrincetonUniversity[3]. Threemulti-projector
array con�gurationswere usedin our experiments:2� 2,
3� 3, and 6� 4 (completewall). The experimentsare de-
tailedbelow.

3.1. Local alignment error
To appearseamless,a displaywall shouldminimizealign-
ment error betweenadjacentprojectors. Qualitatively,
misalignmentcreatesartifactssuchas discontinuitiesand
double-imagesin theoverlapregion(seeFigure3, toprow).
Quantitatively, theerror canbecharacterizedby themaxi-
mum displacementbetweena point shown on oneprojec-
tor andthe samepoint displayedby an adjacentprojector.
SincetheSA-Align algorithmexplicitly observespoint-and
line-mismatchesin the overlapregionsandoptimizesover
warpparametersto minimizethetotal error, onewould ex-
pect it to do well on this measure. Our techniqueaims
to independentlyregistereachprojectorto the(panoramic)
referenceframeasaccuratelyaspossible,only incidentally
minimizing local errors.Nevertheless,ascanbeseenfrom
Table1, ouralgorithmachievessub-pixel registrationaccu-
racy, evenon largedisplaywalls — demonstratingconclu-
sive improvementsover SA-Align underall con�gurations.

3.2. Global alignment error
Globalalignmenterrormeasuresthedisplacementbetween
pixelsin theprojectedimageandtheir desiredlocations,as
measuredin thereferenceframe.Notethataprojectorarray
with excellentlocalalignmentmaystill exhibit largeglobal
alignmenterrorsfor two reasons:(1) the projectedimage

Table1: Average local errors: horizontal & vertical (pixels).

Proj. Uncalibrated SA-Align Oursystem
array X-err Y-err X-err Y-err X-err Y-err
2� 2 153.8 150.3 6.5 6.8 0.4 1.0
3� 3 108.3 140.9 10.7 9.1 0.6 0.6
6� 4 60.2 74.1 18.9 18.3 0.4 0.5

Table2: Average global errors: horizontal & vertical (pixels).

Proj. Uncalibrated SA-Align Oursystem
array X-err Y-err X-err Y-err X-err Y-err
2� 2 102.8 70.5 6.7 1.9 1.4 0.5
3� 3 177.5 161.6 9.0 16.5 2.2 1.0
6� 4 44.5 62.8 30.3 16.8 2.7 0.8

may be globally warpedso that its edgesare not parallel
with thesidesof thedisplaysurface;(2) smallerrorsin local
alignmentcanaccumulateashomographiesarechained,re-
sultingin non-lineardistortionsin theprojectedimage(see
Figure3, bottomrow).

To evaluateglobalalignmenterror, weprojectedacoarse
grid on thedisplaywall, andusedthegrid intersectionsas
features. We manuallymeasuredthe distancefrom each
featureto two referencepointson thedisplaysurfaceto de-
termineeachfeature's absolutelocation. Theglobalalign-
ment error is computedas the averagedisplacementbe-
tweena feature's desiredandactuallocations. As shown
in Table 2, our methodhasa substantiallysmallerglobal
alignmenterrorthanthepreviousmethods.

3.3. Running time

To beof practicalvalue,acalibrationalgorithmmustbefast
aswell asaccurate.Therearetwo componentsto running
time: the time taken to acquireimages,and the time re-
quiredfor computation.Table3 comparestherunningtime
for ouralgorithmwith SA-Align onidenticalhardware.Im-
ageswere automaticallyacquiredusing a 640� 480 pan-
tilt cameraand computationperformedon a Pentium-III
866MHz machine.SA-Align wascon�guredto use6 point
and6 line featuresperseam,and50,000iterationsof sim-
ulatedannealing(asdescribedin [2]). Oursystemacquired
cameraimagesfor each2� 2 sub-arrayof adjacentprojec-
tors and the algorithm was implementedin unoptimized
Matlab code;our algorithmis fasterthanSA-Align by an
orderof magnitude.

For completeness,weranSA-Align usingavarietyof it-
erationparametersettingson the6� 4 con�guration. More
iterationsachieved slightly bettersolutionsat the expense
of running time. However, even after 500,000iterations
(912 minutesof computationtime!), SA-Align's accuracy
(X-err=9.7,Y-err=8.5)remainssubstantiallyinferior.



Figure3: Local and global alignment errors on the Princeton 6� 4 projector display wall under three conditions: uncali-
brated (left); SA-Align [2] calibration (middle); and our technique (right). The top row shows enlarged views of the regions
with the worst local errors. While SA-Align improves upon the uncalibrated case it still displays signi�cant misalignment. By
contrast, our algorithm's worst local errors are barely visible. The bottom row shows photographs of the entire 18'� 8' multi-
projector display surface. In this experiment, the 12 projectors on the left side were mounted carefully (manually) while the 12
projectors on the right were placed haphazardly. Here, SA-Align converges to a bad solution where both sides of the display
are distorted. Our technique corrects for all of the distortions and displays an image with very little global error.

Table3: Running time (minutes)

Proj. Chenetal. Oursystem
array Camera Compute Camera Compute
2� 2 12 71 1 < 1
3� 3 37 84 2 2
6� 4 130 91 9 6

4. Conclusion

This paperdescribesa practical vision-basedsystemfor
automaticallycalibratinglarge format multi-projectordis-
plays. Our algorithm is substantiallymore accuratethan
previous solutions(in both local and global metrics)and
runsanorderof magnitudefaster. It is now usedregularly
to calibratethePrincetonDisplayWall.
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