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Abstract

In orderto producebrightimages,projectorshave large apertures
andhencenarrav depthsof eld. In this paper we presentmeth-
odsfor robustscenecaptureandenhancedmagedisplaybasedon
projectiondefocusanalysis.We modela projectors defocususing
a linear system. This modelis usedto develop a novel temporal
defocusanalysismethodto recover depthat eachcamerapixel by
estimatingthe parameter®f its projectiondefocuskernelin fre-
quengy domain. Comparedo mostdepthrecorery methods,our
approachs moreaccurateneardepthdiscontinuities Furthermore,
by usinga coaxialprojectorcamerasystemwe ensurethatdepthis
computedatall camergpixels,withoutary missingparts.We shav
thattherecoveredscenegeometrycanbeusedfor refocussynthesis
andfor depth-baseimagecomposition.Using the sameprojector
defocusmodelandestimatiortechniquewe alsoproposeadefocus
compensatiomethodthat Ilters a projectionimagein a spatially-
varying,depth-dependemanneito minimizeits defocusblur after
it is projectedontothe scene This methodeffectively increaseshe
depthof eld of a projectorwithout modifying its optics. Finally,
we presentan algorithmthat exploits projectordefocusto reduce
the strongpixelationartifactsproducedby digital projectorswhile
preservinghe quality of the projectedmage.We have experimen-
tally veri ed eachof our methodausingrealscenes.

CR Categories:  1.3.3 [Computer Graphics]: Picture/Image
Generation—Digitizingandscanningdisplayalgorithm;l.4.8[Im-
age Processingand ComputerVision]: SceneAnalysis—Depth
cuesrangedata,shape.

Keywords: projectordefocus,temporaldefocusanalysis,depth
recovery, multi-focal projection, projector depixelation, refocus
synthesisimagecomposition.

1 Intro duction

Digital projection technologies,such as Digital Light Process-
ing (DLP) and Liquid Crystal Displays (LCD), are increasingly
usedin consumercommercialandscienti ¢ applications.ln com-
putergraphicsandvision, videoprojectorshave recentlybeenused
asperpixel controllablelight sourcedor real-timeshapeacquisi-
tion [Huangetal. 2003;Zhanget al. 2004;Davis etal. 2005;Kon-
inckx et al. 2005], for complex appearanceapture[Levoy et al.
2004; Senet al. 2005]and control [Raskaret al. 2001; Grossbey
etal. 2004;Bimberetal. 2005]. All theseapplicationgequirethe
projectorsto be focusedfor bestperformance ln practice,projec-
torsarebuilt with largeapertureso maximizetheirbrightnessAs a
result,virtually all projectorshave very narrav depthsof eld; they
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aredesignedo producefocusedimageson a singlefronto-parallel
screenAn analysisof thedefocuspropertieof projectorss there-
fore bene cial asit couldleadto nev methodshattake advantage
of, aswell ascompensatéor, projectiondefocus.

In this paper we provide the rst systematicanalysisof projector
defocusand demonstratéts applicationsto robust scenecapture
andenhancedmagedisplay We rst presentsimplelinearmodel
for projectordefocus Basednthismodel,we presentafrequeng-

domainmethodfor estimatingthe spatially-\aryingdefocuskernel
of aprojector Thekernelestimatecteachscenepointis usedore-

coverthe3D geometryof thescene Basedontheestimatedkernel,
we also presenta techniquethat computationallymanipulatesan
inputimageto minimize its defocusblur whenit is projectedonto
a non-planarscene. Finally, we demonstratehat defocusingcan
be putto gooduse. A slight amountof defocusingjn conjunction
with acompensatiomlgorithm,canbe usedto reducepixelation,a
strongartifact producedby all digital projectors.Speci cally, this
papemalkesthefollowing threecontrikutions:

SceneGeometry using Temporal DefocusAnalysis: We propose
a methodcalledtemporaldefocusanalysisthat estimateslepthat

eachcamerapixel, independentlywithout usinginformationfrom

neighboringpixels (Section3). Our method,comparedto exist-

ing methods,such as stereoor even traditional depth from fo-

cus/defocuslgorithmsjs moreaccurateneardepthdiscontinuities.
Sincethe methodis not basedon triangulation we canusea coax-
ial projectorcamerasystemand computedepthat all camerapix-

els,without ary missingparts. Theseadwantagesnake themethod
uniquelysuitedto computemgraphicsapplicationdik e refocussyn-
thesisandimagecompositionboth of which we demonstrate.

FocusedProjection at Multiple Depths: We presen@an iterative,
spatially-\arying Itering algorithmthat compensatefor defocus
blur basedon scenegeometry(Section4). This techniqueeffec-
tively increaseshe depthof eld of aprojectorwithout modifying
its optics.As aresult,we areableto usea singleprojectorto project
well-focusedmageson multiple planesthatareat differentdepths
aswell ason curved projectionsurfaces We believe this capability
addresseanimportantlimitation of currentprojectorsandwidens
their applicabilityin therealworld.

Depixelation by Defocusing: Finally, we generalizeour defocus
compensatioralgorithm to reducethe strong pixelation artifacts
producedby all digital projectors(Section5). The key ideais to

slightly defocusthe projectorso asto attenuatethe high frequen-
ciesproducedby pixelationandusethe defocuscompensatioral-

gorithmto make up for theinducedprojectordefocus.Thismethod
is especiallysuitedfor projectinghigh resolutionimagesusing a
low resolutionprojector andwe shav several examplesof results
toillustrateits effects.

2 Previous Work

Many methodshave beenproposedn computervision to recoser

3D shapdromimagesincludingmulti-view triangulatiormethods,
single-viev photometrionethodsandcamerdocus/defocusneth-

ods. Triangulation-basedethodgFaugerasl993], e.g.,structure
from motion and stereo,requirea point to be visible in at least
two views to bereconstructedScenesvith complex occlusionge-

maina challengingproblemfor thesemethods.Photometrianeth-

ods [Horn and Brooks 1989], e.g., photometricstereoand shape
from shading,estimatesurface normalsinsteadof surfacedepth.

Cornverting normalsto depthsis an ill-posed problemfor scenes
with depthdiscontinuities.



Depth recorery methodsbasedon camerafocus and defocus,
e.g.[Pentlandl987;NayarandNakagwa 1994;Nayaretal. 1996;
Schechneetal. 2000; Favaro and Soatto2005], have the potential
to recover depthat every pixel, regardlessof the scenecomplex-
ity and occlusions. To resohe the focus ambiguity of textureless
surfaces,patternscan be projectedto force scenetexture [Girod
andScherockl1989]. However, cameradefocuskernelsdependon
local surfacegeometry To simplify thekernelanalysismostprevi-
ousworks assumehat, within a small spatialwindow, the surface
depthis constant,the so-calledequalfocalassumption This as-
sumptionsmearshapeadetailsandis invalid acrossdepthdisconti-
nuities. To alleviatethis problem Jin etal. [2002] andRajagopalan
andChaudhur{1997] estimatedepthsor all pixelssimultaneously
via a large scaleenegy minimization, which is computationally
expensve andproneto local minima. Our key obsenrationis that,
unlike cameradefocusthekernelfor projectordefocuds scenan-
dependentfor mostscenesurfaces.Speci cally, whena 3D scene
point seesthe entire projectoraperturejts defocuskerneldepends
only onits distanceo the projectorlensandnot onits neighboring
surfacegeometry This differencearisesrom thefactthatprojector
defocusconvolution happensn the projectors imageplanewhile
cameradefocusconvolution happen®nthe scenesurface.Exploit-
ing this scene-independeproperty we projecta shifting pattern
overthe sceneandcomputedepthat eachpixel usingjustits inten-
sity variationover time. Without usingthe equalfocalassumption,
our methodworks well at depthdiscontinuities.Furthermoreit is
simpleandnot subjectto local minima.

Our temporal perpixel defocusanalysisis inspired by previous
structuredlight range nding methods. In particular Kanade
etal. [1991] and CurlessandLevoy [1995] usetemporalintensity
variationto resole correspondencdsetweencamerapixels anda
sweepindaserstripe. Huanget al. [2003] have developeda real-
time range nder by sweepingperiodic sinusoidalstripesusinga
DLP projector Zhanget al. [2004] and Davis et al. [2005] have
generalizedheseideasto space-timestereo.All theserange nd-
ing techniquesare basedon the principle of triangulation,which
cannotestimatedepthfor pointsthatarevisible to only thecamera
orthesourcebut notboth. Sinceourmethods notbasecdntriangu-
lation, we areableto usea coaxialcon gurationwherethe camera
andprojectorsharehesameopticalcenterandcomputedepthatall
camerapixels (no missingparts).To our knowledge the only other
techniquethatis ableto estimatea completedepthmapwith clean
discontinuityboundariess time-of- ight, e.g., [Gonzales-Banos
and Davis 2004], which requiresexpensve specializechardware.
Raskaret al. [2004] proposeda methodto detectdepthdiscontinu-
ities using multiple ash lights. The detecteddiscontinuitiescan
be usedto enhancestereomatchingalgorithms. Comparedo this
work, our methoddirectly generateseliable depthestimationfor
all pixels,includingthe onesneardiscontinuities.

In additionto scenecapture,several methodshave beenproposed
that use camerago enableprojectorsto display “better” images.
Theseinclude compensatingdistortions due to surface geome-
try [Raskaret al. 2003] and correctingbrightnessvariationsdue
to surfacecolor andtexture [Grossbeg et al. 2004; Bimber et al.
2005]. In theseworks, the projectorsare often usedto displayim-
agesonto scenesvith considerablelepthvariation,wheredefocus
blur is inevitableandmostoftenspatially-\arying. Complementary
to theseprevious methods,our work seeksto compensatéor de-
focusblur, andhencecould be bene cial to the previous methods.
In [Bimber and Emmerling2006], a systemis proposedhat can
projectfocusedmageson multiple planesat differentdepths.This
systemusesmultiple projectorswhereeachprojectoris focusedon
a singleplane. In our case,we usea single projectorto simulta-
neouslyprojectwell-focusedimagesat multiple depths. Another
interestingrelatedwork is by MajumderandGreg [2001], in which
multiple projectorsat differentfocal settingsarecombinedto gen-
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Figurel: The principle of depthfrom projectiondefocus. Points
atdifferentdistancedo the projectorlensexhibit differentamounts

of blur in theirtemporalradiancepro le asa periodicillumination
patternis shiftedacrosghescene.

(b)

Figure2: (a) A coaxial projectorcamerasystemfor depthfrom
projectiondefocus.The systemis madecoaxialonly to ensurethat
depthcanbe computedat all camerapixels. (b) The illumination
patternthat is shifted acrossthe sceneto measuredepthat each
pixel, independently

eratedepthof eld effectsataninteractive rate.

Deblurringis a well-studiedtopic in image processingvherenu-

meroustechniqueshave been proposed,ranging from classical
Wiener Itering andconjugategradientoptimization[Jain1989]to

morerecentalgorithmsbasedon graphcuts[Raj and Zabih 2005]
andbelief propagtion[Tapperetal. 2004]. Ourtechniquds based
onbound-constrainequadratigprogrammingNocedalandWright

1999], which is a variantof existing algorithmsthat bestsuitsour
formulation of the problem. As we shaw, our deblurringmethod
canalsoreducepixelationeffectsproducedoy digital projectors.

3 Depth from Projection Defocus

In this section,we formulatethe problemof recovering 3D shape
from projectiondefocusandpresenbur solution.

3.1 Temporal Defocus Analysis

Considera scenghatis illuminatedby structuredight from a pro-
jectorwhichis focusedbehindthe sceneasshavn in Figurel. For
a point q thatis in focus, its irradiancecomesfrom a single point
on the projectors imageplane. For a point s thatis out of focus,
its irradianceequalsthe corvolution of its defocuskernelwith the
structuredight patternon the projectors imageplane. Assuming
thatthe surfaceis opaquetheradianced of s alongary givenout-
goingdirectioncanbewritten as

I=af(x;2 PX)+b; 1)

where denotesconvolution, a is a factor dependingon surface
re ectancé, b istheradiancedueto theambientlight, f(x;2) isthe

1To beprecise,a takesinto accountall surfaceshadingfactors:BRDF,
orientationwith respecto theirradiancedirectionandthe squaredlistance
fall-off of theprojectorbrightness.
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Figure 3: lllustration of the calibrationprocedure.(a) A white boardwith four markerstilted in front of the camera. (b) Depthmap of
the boardcomputedusingthe marlkers. (c) The boardunderone of the stripe projectionpatterns.(d) g mapfor the board. (e) g valuesin
column3500f (d). (f,g) Temporalradiancepro les of the pointsq ands, respectiely. (h,i) Discrete-timeFourierserie DFS)of (f) and(g).
(i) Mappingsfrom g to depthz for columns100,350and600,respectiely.

defocuskernel,and P(x) is the illumination pattern. The defocus
kernel f dependon thedepthz.2 We now describehow to recover
thedepthz by estimatinghekernelf from radianceneasurements.

3.2 Depth Estimation

To estimatethe kernel f, we notethat Eq. (1) de nesalinear sys-
temin which the projectionpatternandthe sceneradiancearethe
inputandthe output,respectrely. Estimatingthe kernelof alinear
systemis aclassicaproblemin systemidenti cation [Ljung 1998]
andwe take a frequeng-domainapproactio solve it in our setting.
Our basicideais to shift anillumination patternwith awide range
of frequenciesvithin it acrosghe scene Theradianceof a surface
pointovertimeis thentheresponsef its defocuskernelto theexci-

tationby theillumination pattern.As the patternis shifted,pointsat
differentdistanceso the projectorexhibit differentamountsof blur

in theirtempoel radiancepro le, asillustratedin Figurel. We use
thistemporalblur for depthrecovery.

Given the temporalradiancesequencel;, | = 0;:::;L 1, for a
point, we quantify its blur by decomposingt into a dlscrete time
Fourierseries DFS) [OppenheimandWillsky 1997]as
L1
= Ao+ & Accosmd  f);
k=1

= (BZ+ cg)% fi = arctar{By:Cy), By =

)

where w = e,

% a I| sin(wyl) andCy = E 2
a Iow pass lter, how quickly the coefcients Ax diminish with k

is ameasuref theamountof defocuswhichin turnyields depth.

Note that Ag cannotbe usedto estimatedepthbecauset depends
ontheambientlight b. AlthoughbothA; andA, arescaledby the

albedoa, theirratio canbe usedto determinehow severelythede-

focuskernelattenuateshe second-ordeharmonicwith respecto

the rst-order one. Thereforewe usethefollowing ratio

=2 3)

I| cogwgl). Sincethekernel f is

asameasuref depth.In Eq.(3),A1 > A;> 0andq 2 [0; 1] because
f is alow-passlter . Deriving theanalyticmappingbetweerng and
zis tediousbut possibleif we know preciselythe optical designof
the speci c projector However, analyticallyderiing a projector
speci ¢ mappingis not worth the effort asit would not apply to

2Dueto lensaberrationf generallyalsovariesacrosdlifferentpixels.

other projectors— eachprojectortendsto have a uniqueoptical
design. Therefore,in the next section,we presenta generaldata-
drivenapproachthatcalibratesheq z mappingonceandfor all,
for ary givenoptical settingof ary givenprojectorcamerasystem.

3.3 System Setup and lllumination Pattern

We have built a prototypecamera-projectosystemto implement
our depthfrom projectiondefocusmethod.Our systemconsistsof
anNEC LT260K DLP projectoranda BaslerA311f monochrome
camera.To avoid shadaevs andocclusionswe approximatelyalign
theopticalcenterof theprojectorandthecamerawith abeamsplit-
ter (EdmundOptics stock#NT39-493),asshavn in Figure2(a).
Theprojectoris alwaysfocusedon a planebehindtheworking vol-
umeto avoid atwo-way defocusambiguity Astheprojectoris quite
bright*, we stop-davn the apertureof the camerao F11sothatit
worksapproximatelyasa pinholecamera- ary defocusntroduced
by the cameras negligible comparedo thatof the projector

Thereare mary choicesof input sequencegexcitation signals)in
systemidenti cation theory We have choserto usea simpleone—
abinary periodicsequenc®11011011011..with period3, which
is onetypeof M-sequencégLjung 1998]. We encodethis sequence
asa stripepatternin which eachbit correspondso an 8-pixel wide
stripe,asshavn in Figure2(b). We shift this pattern,onepixel ata
time, andtake atotal of L = 24 imagesfor eachexperimen®.

3.4 Calibration

We calibratethe mappingfrom the g in Eqg. (3) to the depthz in
threesteps.Step 1: We computethe correspondenckeetweerpro-
jectorandcamergpixels. This is achieved by projectingshiftedsi-
nusoidsn bothhorizontalandverticaldirections.Thedetailsof this
procedurecanbefoundin [Scharsteirand Szeliski2003]. Step 2:

3We align the cameraandthe projectorby projectinganimageontoa
white boardwith a fencein front of it and adjustingthe cameraposition
until it doesnot seeary shadaevs castby the projector

4During depthestimationwe have usedthe projectorasa grayscalene
by remaving its color wheelfrom thelight pathto boostits brightness.

5In our experimentswe have found thatthe projectorproducesseveral
undesirableeffects: it vibratesat a high frequeng, possiblydueto the ro-
tation of its fan; its brightnesss not stableover time; the imprecisesyn-
chronizationbetweernthe cameraand projectorcausesneasuredadiances
to uctuate slightly overtime. To resole thesdssuesyve repeatheshifting
of the patternabout85 timesandcomputea meanimagefor eachshift. The
cameraunsat 60Hz andthetotal acquisitiontime is within a minute.
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Figure4: Depthrecorery resultsfor threescenes.From left to right: An imageof the scene the computedntensity-codediepthmap, a
close-upview of the depthmap,a gray-shade®D modelof the sceneasseenfrom a novel viewpoint. Notice the quality of the computed

deptharoundscenediscontinuities (Pleaseseethe companionvideo.)

We tilt afoamboardin front of the systemandcomputedepthfor

eachof its points. Thisis doneby takinganimageof theboardwith

afew referencamarlers,asshavn in Figure3(a)® andcomputing
thehomograpk from the boardto the projectionplane.As detailed
in [Zhang2000], this homograpl allows us to estimatethe posi-
tion and orientationof the board, from which the depthof every
point of the boardcanbe easilycomputed.Figure 3(b) shavs the
intensity-codedlepthmapof theboard.Step3: We computethe g

valuesfor all pointson the boardby shifting the stripe patternand
computingA; andA, for eachpixel.

Figure 3(c) shavs animageof the boardunderone of the shifted
patterns,and (f) and (g) shav the temporalradiancepro les of
two points, q ands, on the board. As s is closerto the projector
andmore defocusedhanq, its temporalradiancepro le is more
blurred. Figures3(h) and(i) shav plotsof the DFS coefcients Ayg
for the pro les in (f) and(qg), respectiely. Figure3(d) shavs the
intensity-codedy mapand (e) shaws a plot of the g values(blue
curwe) for the column350in (d). Theraw g valuesincludea small
mountof noiseandhencewe t asmoothcurve whichis shavn as
thegreencunein (e). Usingthedepthestimationn Step2, we can
tahulate the mappingfrom g to z. In our currentimplementation,
we build a lookup tablefor eachcolumn,assuminghat the defo-

6Theglareis producedby a numberof dustparticleson the half-mirror.
Sincethehalf-mirroris very closeto theprojector theseparticlesarelit with
roughly 100 timesthe intensity comparedo the scene therebyproducing
bright spotsin theimagethathave the shapeof the camereaaperture.

7Zhang[2000] takesseveralimagesof aboardatdifferentorientationgo
estimatea camerasintrinsic parametersin ourwork, we approximatelyes-
timatetheprojectorsintrinsicsfrom thefrustumspeci cationin its manual.
Thereforewe only take oneimageof the boardto computeits pose.

cuskernelis vertically invariantbut hassomehorizontalvariation.
Figure 3(j) shavs threeg—z mappingcurvesfor the columns100,
350and600. An even more comprehensk calibrationwould in-
volve translatingthe boardacrossthe whole working volume and
generatinga lookup tablefor eachpixel. Sucha calibrationwould
accounffor higherorderprojectorlensaberrationsaswell.

3.5 Depth Recovery Results

Oncewe know the mappingbetweeng andz, thedepthrecoveryis
straightforvard. We take 24 imageswhile shifting theillumination
patternacrosghescene Fromtheseémageswe computeqg for each
camerapixel usingEgs.(2,3) andthentransformthe g imageto a
depthimageusingthe pre-computedookuptable. Figure4 shavs
severaldepthrecovery results.In the rst row, we shav resultsfor
ascenewith booksandwoodenblocksthathassimpleboundaries.
Our methodrecoversthe sharpdepthdiscontinuitiesat the bound-
aries. In the secondrow, we shav resultsfor a scenewith two
toy wrestlerswith similar skin color. Again, our methodcansepa-
ratethetwo gures with cleanboundarieseventhoughthesurfaces
have a specularcomponent.In the third row, we shawv resultsfor
a scenewith leavesbehinda fence. This resultshavs thatthe per
formanceof our methodis independenbf occlusioncompleity.
In fact, it hasbeenshowvn [Scharsteirand Szeliski2003] thatit is
very dif cult to obtaina depthmapthatis completein ary camera
view for a scendike the onewith leavesusingtriangulation-based
methodsgvenif multiple cameragndprojectorsareused.All the
resultsarecomputedvithin a minuteusingMatlah

We have also computednoise statisticsfor our depthestimation.
Speci cally, we chose20 planar patchesfrom the experimented
sceneghat are locatedat differentdepthwithin the working vol-

ume. We then computedthe meanand standarddeviation of the
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Figure5: Noise statisticsin the depthestimation. Twenty planar
patchesarechoserfrom theexperimentedgcenesshavn onthetop,
andthe meanandstandardleviation of the depthfor thosepatches
areplotted at the bottom. Within a 600mmworking volume, our
depthestimatiomoiseis arounddmm.
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Figure6: (a) Refocusedmagesof thebookscenen Figure4. The
defocuseffectsaresynthesizedisingtherecovereddepthmap. (b)
A collectionof playing cardsplacedat four depthlayersandtheir
estimateddepthmap. (c) A moving handfrom anothervideo is
insertedinto the card scenewith all the desiredocclusioneffects.
(Pleaseseethe companionvideo.)

depthsinside thesepatchesasshavn in Figure5. Fromthis g-
ure,we canseethatour depthestimationnoiseis about4mmfor a
working volumeof 600mm.

3.6 Applications: Refocusing & Video Composition

A distinctive featureof our depthrecorery methodis thatit esti-
matesdepthat every pixel in the cameras view andthe estimation
is reliableneardepthdiscontinuities This makesour approactpar

ticularly well-suitedfor a variety of image-basedpplicationsin

computemgraphics.Here,we shav two examplespamely refocus-
ing andobjectinsertionto composea new imageor video.

Figure6(a) shavs two refocusedmagesof the book scenein Fig-
ure4: thetop oneis focusedon the foregroundwoodenblocksand
the bottom one is focusedon the backgroundetters. Thesetwo
imageswere generatedvith the “lens blur” tool in Adobe Photo-
Shop® This tool takes an imageandits depthmap asinputs to
generatmewn imageshatarefocusedat ary desireddepth.

8In theory without having the full light eld available, refocusingcan
not be simulatedexactly. The PhotoShopmplementationof lensblur is
proprietary We think a practicalway to implementit would be to heuristi-
cally impaintthe occludedayersalittle bit to obtainthefull light eld.

Figure6(b) shavs acollectionof playingcardsplacedatfour depth
layers. Therepetitive textureson the cardsandthe complex occlu-
sionsmale it very hardto sggmentthe sceneinto layersautomati-
cally, or evenmanually Using projectiondefocus pur methodpro-

ducesa cleandepthmapthat segmentsthe scenento layers. This
seggmentatiommalesit easyto insertobjectsinto thescenewith cor

rectocclusioneffects. Figure 6(c) shavs a real handfrom another
videoinsertedinto the scenewith all the desiredocclusioneffects.
Pleaseseethe video for moreresults.

We believe thatwhena completedepthmapis availablefor anim-
age,avarietyof imageeditingapplicationdecomepossibleor eas-
ier to implement.Examplesotherthanthe oneswe have shovn are
creatinglayeredrepresentationsf comple scenedor view mor-
phing, segmentationfor matting, objectreplacementand shadev
removal. In thepast,suchapplicationshave notbeeneasyto imple-
mentas“clean” depthmapshave notbeeneasyto obtain.For most
imageediting tasks,the depthmapsneednot be highly precise(as
with time-of- ight sensors)but they needto be completeandthey
needto be reliable at discontinuities,as humansare particularly
sensitve to edgeartifacts.We hopeour depthrecosery method al-
thoughnot asaccurateaslaserscannersr structuredight sensors,
will inspirenew typesof imageeditingapplications.

4 Focused Projection at Multiple Depths

Dueto their opticaldesign standarcrojectorscanonly befocused
on a single fronto-parallelplane. In someapplications,it is de-
sirableto projectimagesonto non-planarstructuresfor example,
multiple planesor a dometo createa virtual ervironment[Raskar
etal. 1998]. In suchcasesmostpartsof theimageareblurreddue
to defocus.Onewayto solve this problemis to designsophisticated
optics.Evenif thisis possibletheopticscannotbemodi ed to ac-
commodatechangesdn the structurethat is being projectedonto.
Anotherapproachis to usemultiple projectors[Bimber and Em-
merling 2006],wherethe numberof depthsfor whichtheprojected
imagecanbein focusequalsthe numberof projectors.In this sec-
tion, complementaryto the multi-projectorapproachwe propose
a computationamethodthat processean inputimagein a scene-
dependentvay to minimize the defocusblur at all pointsin the
projectedoutputimage.Our methodrequiregusta cameraandcan
be appliedto ary off-the-shelfprojector

4.1 Defocus Compensation Algorithm

Considerthe scenariovhereanimagel needgo be projectedonto
asurfacewith givendepthvariation. Theradianceof apointonthe
surfacedueto illumination by the projectoris governedby the pro-
jectiondefocusequationEg. (1). As in previouswork, e.g.[Raskar
etal. 2003; Fujii et al. 2005], we usea cameraasa proxy for the
humaneye and seekto make the sceneradiancecapturedby the
camerabethe sameastheinputimagel. To do so,we canproject
acompensatiommage, P , by solvingthe projectiondefocusequa-

tionas p=(af)! (I b @

where(a f) listheinverseofthekernelaf.TheoreticallyifP is
projectedthe scenebrightnesswill bethe sameastheinputimage
I. However, f is alow-passlter andits inversewill have strong
ringing effects. Therefore Eq. (4) will notbefeasibleto implement
unlesgtheprojectorhasanin nite dynamicrange.lnsteadwe cast
theproblemof computingthecompensatiommageasa constrained
minimizationproblem,asfollows:

P = argmpinfd(af P+ b;1)j8x; 0 P(x) 255); (5)

wherex is the projector pixel coordinateand d( ; ) is animage
distancemetric. Eq. (5) nds the compensatioimageP , with all
its brightneswvalueswithin the projectors dynamicrange thatafter
defocusblurring mostcloselymatchegsheinputimagel.
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Figure 7: Measuringthe spatially-\arying defocuskernel. (a) A
portion of the dot patternprojectedonto the scene.(b) The corre-
spondingcameramagewith samplef the point spreadunction.
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Figure8: Two testscenedor focusedprojectionat multiple depths.
(a) Projectionontothreeplanesat differentdepthsfrom the projec-
tor. (b) Projectionontoa hemisphericatiome.

In ourimplementationywe have usedthe sum-of-squaregixel dif-
ferencedor the imagedistancemetricd( ; ). The compensation
imageP is found by applyingan iterative, constrainedsteepest-
descentalgorithm [Nocedaland Wright 1999]. We representhe
defocuscorvolution,a f P, asamatrix multiplication,FP, where
eachrow of F isthedefocusernelof thecorrespondingixel mod-
ulatedby its albedo. The algorithmstartswith Py = | anditerates
thefollowing two steps:

R+1 = R+ hG (6)
R+1 = CLAM®,; 0,255 @)
whereGi = FT(I b FR), hi = kkFGTkkzz and CLAMB a pixel-

wiseclampingoperation NoticethatG; is thegradientof theimage
distanc&kFP+ b 1k2 with respecto P. EvaluatingG; is straight-
forward—it involvestwo image Iterings with thekernelmatrices~
andF T, respectiely. Notethattheselterings arespatially-\arying
and scene-dependentinlike the standardsharpeningoperations
that are often built into projectorsby their manufcturers. With-
out Eq. (7), iterating Eq. (6) aloneis a standardsteepest-descent
algorithm,which corvergesto the solutionof Eq. (4). Combining
Eq.(7) andEq.(6) minimizesthedifferencebetweerthedefocused
compensationmage and the original input imagewithin the dy-
namicrangeof the projector

4.2 Kernel Estimation

We now describehow we obtainb anda f for ary givenscene We
obtainthe ambientterm b by turning off the projectorandtaking
animage.To obtaina f for eachpixel, we couldshift adot pattern
acrosghe sceneandthetemporalradiancepro le for eachpixel is
thenits kernel. This methodis effective for a scenewith intricate
geometry suchasthe scenesshavn in Section3. However, the

scenesisedin our experimentshereareatleastpiece-wisesmooth.
Therefore we simply projecta sparsebinary dot pattern,like the
onein Figure7(a). In our experimentsthedistancenetweemeigh-
boringdotsis 12 pixels. The point spreadpatternscapturedody the
camerashavnin Figure7(b),areapproximatelthekernelsfor the
projectorpixelsthatare'l’. Fromthesekernelswe interpolatethe
kernelsfor otherpixelsthatare'0’ in abilinearmannerin theend,
we have a perpixel kernelmapthataccountdor spatially-\arying
defocuseffects. We repeatthe sameprocedureto capturekernels
for eachof the threecolor channelsof the projector Calibrating
suchakernelmapalsohelpsto compensatiensaberrationgaswell.

Fortheabove computation®f b anda f, wealwayswarptheimage
from thecamerao theprojectors coordinatéframe,which malesit

convenientto compareghedefocuse¢ompensatioimage FP+ b,

andtheinputimagel. The correspondencesetweerthe cameras
andthe projectors pixelsaredeterminedy shifting sinusoidapat-
ternsin bothhorizontalandverticaldirections,asin Section3.

4.3 Focused Projection on Multiple Planes

In our rst experiment,our goalwasto projectanimageof three
fashionmodelsonto three planesthat are at different depths,as
shavn in Figure8(a). Theprojectoris focusedon themiddleplane.
We shawv the focuscompensatiomesultsfor the threefaceregions
in the left three columnsof Figure9. The rst row of Figure9
shavs the original imageregionsfor thethreefaces.Thethird row
shavs thedefocusedriginalimageregions,capturedby a camera,
withoutarny compensationThis row representshe besttheprojec-
tor (without compensationyanproduce. Notice that even though
the middle planeis in focus, the facestill looks a little blurred
for this planedue to projectorartifacts? As expected,the faces
on the left andright planesareeven moreblurreddueto defocus.
The secondrow shavs the compensatiofimageregionsresulting
from Egs. (6,7), which representhe new input to the projector
Theseimage regions look like high-passltered versionsof the
original input ones. This is expectedas our methodboostshigh-
frequeny componentdo compensatéor the defocusinducedby
scenegeometry The fourth row shaws the defocusecdcompensa-
tion imageregions capturedby the samecamerawhich represent
ourresults.Noticethatthesamageregionsarelessblurry andmore
closelyresemblethe input imageregions. Among thesethreede-
focusedcompensatioimageregions,the oneon the middle plane
(secondcolumn)is almostidenticalto theinput. The oneson the
left andright planes(rst andthird columns)are slightly blurred
with respecto theirinputsbecause@efocuss moresererein these
two casesandcertainhigh frequenciesn theinputimagethatare
cutby the defocuscannotbe fully compensatetbr dueto thelim-
ited dynamicrangeof the projector

4.4 Focused Projection on a Dome

In our secondexperiment,we projectan imageof a tiled o wer
texture onto the inside of a hemisphericalome,asshavn in Fig-

ure 8(b). The projectoris focusedon the front planeof the dome.
In theright two columnsof Figure 9, we shav the focuscompen-
sationresultsfor two patcheson the dome— oneis from the top

of thedomeandthe otheris from the center Thetop patchis less
blurredthanthe centerone becausehe formeris closerto the fo-

cal planeof the projector As with the three-planexperiment,the
compensatiomesultscloselyresemblaheinputimages.

5 Depixelation

In this section,we shav how the defocuscompensatiormethod
discussedn Section4 canbe usedto reduceprojectorpixelation.

®We found that even if we focusa projectoron a fronto-parallelplane,
whenprojectinga binary dot patternwe see’light leakagefrom onepixel
into its neighbors We obseredthis effect on differentprojectormodels.
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Figure9: Resultsfor defocuscompensationThe threefaceson the left were projectedonto the threeplanarsurfacesin Figure8(a). The
two o wer textureson the right were projectedonto the hemisphericalomein Figure8(b). The defocuscompensatiomethodresultsin
lessblurry imageregions(fourth row) thanthe uncompensateiinageregions(third row). The originalimageregionsareshowvn in the rst
row andthe compensatiorimageregions computedby the methodand usedasinput to the projectorare shaovn in the secondrow. The
compensatiomethodis scenendependenasit canhandlea spatially-\arying defocuskernel. (Pleaseseethe companionvideo.)

Pixelationis aclearlynoticeableartifactproducedy all digital pro-
jectors. It is causeddy two factors.The rst is the spatialdigitiza-
tion dueto the nite resolutionof the projector The seconds the
gap(dead-zonebetweeradjacenpixelsontheprojectors physical
imageplanethatarisesbecauséehepixel II-f actoris never 100%.
Thedigitizationis known to creatgaggyboundariesvhenthereso-
lution of the projectoris not high enoughfor the givenapplication.
This effectis obsened particularlywhenhigh quality capturedm-
agesareprojectedastheresolutionof mostLCD andDLP projec-
torshasremainedcat 1024x768or lessfor thelastsevenyearswhile
digital camerasavetripledin theirresolutionduringthesametime
period. The dead-zondetweerpixels doesnot generatdight and
produceshin black lines on the projectionscreen known asthe
screen-dooreffect This effect makespixelationmorepronounced
asit clearlymarksout pixel boundariemnthe screen.

In ourimplementatiorof depixelation,we assumehatthe images
areprojectedontoasinglefronto-parallekcreeni.e., thetraditional
projectionscenario. Our basicapproachs to focusthe projector
slightly in front of (or behind)the projectionscreersothattheim-
ageonthescreeris slightly blurred. In this case a slightamountof

light is lealkedinto theblackgapsandneighboringpixels,whichre-

duceshescreen-dooeffectaswell assmoothesutthejaggypixel

boundaries.However, doing so also createsblurry images. Since
this purposelyinducedblur is very slight, we canusethe compen-
sationmethodin Section4 to procesghe input imageso that the
defocusegbrojectionlooksvery similarto theoriginalinputimage.
Therefore,the compensatiormethodcan be usedin conjunction
with theminorinduceddefocugo achieve depixelation.

Speci cally, we usethe compensatioimethodto computean op-
timal imageP at the projectorresolutionwhosedefocusedoro-
jection most closely resembleghe input image, which may have
higherresolution.Notethatif the inputimageresolutionis higher
thanthe projectors native resolution,the numberof rows in F is
largerthanthe numberof columns.Eachrow of F is adefocusker
nel modulatediy bothsurfacealbedoandthe screen-dooeffect.

We have testedthe depixelationmethodon several high resolution
inputimages(eachonewith 3 timesthe projectorresolution).The
captureof b andF is doneusingthe methodin Section4, except
thatwe capturea higherresolutionkernelmapby zooming-inour
camerasothat3 3 camergpixelsseeaboutoneprojectorpixel.
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Figure10: Examplesof ProjectorDepixelation. (a) An originalimageof 3  projectorresolution.(b) A patchin (a) of projectorresolution.
(c,d) Projectionof (b) underfocusedanddefocusedsettings respectiely. (e) Our depixelationresult. (f-k) Threemoreexamplesof depix-
elationwith (f,h,j) asfocusedprojectionand(g,i,k) asdepixelatedprojection. In all examplesthe compensatiomgreatlyreducesixelation
effectswhile preservingmagequality. (Pleaseseethe companionvideo.)
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Figurell: Albedo-correlatedbiasandhaloeffectsin depthestima-
tion. (a) Thedepthpro le for row 3800f thescene.(b) Thedepth
pro le afterremoving noiseandhaloby a7 7 medianlter.

Figure 10 shaws four examplesof depixelation. In all the cases,
spatialdigitizationandscreen-dooeffectsaregreatlyreducedand
yetimagesharpnesss presered. Our currentimplementatiorof
thecompensatioalgorithmusesMatlah Thealgorithmtakesabout
10iterationsto corverge andtakes3-5 minutesto producethe nal
compensatioimage.Sincethecompensatiomethodonly involves
ltering with F andF T, we believeit canbeimplementednimage
processinghipsor graphicshardwareto achieve real-time(frame-
rate)performance.

6 Discussion

In this paper we have modelledprojectiondefocusasa linearsys-
temanddevelopeda temporaldefocusmethodthatrecoversdepth
at all pixelsin animage,regardlessof the scenecompleity. We
alsoproposecda scene-dependeritering algorithmthatincreases
the depthof eld of a projectorwithout modifying its optics. Fi-
nally, we shavedthatdefocuscanbeexploitedto reducepixelation
artifactsproducedoy digital projectors We now discusghelimita-

tions of ourwork andopenproblemsastopicsfor futureresearch.

First, our temporaldefocusmethodshould,in principle, be invari-

antto surfacealbedo.In practice we foundthatthe surfacealbedo
sometimesloesaffect the depthestimationasshavn in Figure11.

We believe that this is only anissuewith our currentimplemen-
tation. Our beam-splittemot only re ects light from the sceneto

the cameraput alsotransmitslight from a black backdropplaced
behindit. Therefore,the defocuskernel f in Eq. (1) is actually
a sumof the defocuskernelsof both the sceneandthe backdrop.
If the sceneis muchbrighterthanthe black backdrop, Eg. (3) is

dominateddy thescenes defocuskernel. However, whenthescene
point is dark, dueto low albedoor becausets surfaceorientation
is neargrazingfor the projector the light from the scenepoint to

the cameras weakandcomparableo thelight from thebackdrop.
In this case, Eq. (3) will dependalsoon the defocuskernelof the
backdrop,which causeserrorsin depthestimation. The backdrop
kernelremainsconstantandcanbe calibratedto reducedepthes-
timation errors. Alternatively, the beam-splittecanbe placedin a

custom-designedhambethatabsorbsall formsof straylight.

The projectordefocusis for mostcasesndependenbdf scenege-

ometry andthisindependencmalesis superiorto cameradefocus
for depthestimation. However, thereis aspecialcasehatthisinde-

pendenceloesnothold. Speci cally, whenacloserobjectoccludes
a distantobject,therewill be a narrov bandof pointsnearthe oc-

cludingcontouronthedistantobjectthat“see” only partof thepro-

jector's aperturesothe projectedpatternwill bemoreinfocusthan

it would beif theentireaperturenerevisible. This partialaperture
effect resultsin a haloartifact: depthestimationbiasedtowardthe

focal plane,asshavn in Figure11. However, evenin this special
case projectordefocuss still betterthancameradefocus.Camera
defocuswill causeestimationerrorsfor both the foregroundand

backgroungixelsneartheoccludingboundaryIn contrastprojec-
tor defocuswill only causeerrorsat the backgroundoixels, while

leaving the foregroundpixels unafected. Furthermorein practice,
becauséhe solid anglesubtendedby the projectoraperturds only

aboutl degreewith respecto ascenepoint, thenumberof affected
backgrouncpixelsis small. Thereforeasshavn in Figurell, the

haloeffect canbegreatlyreducedy a simplemedian Itering.



In practice,using projectordefocusfor depthestimationdoesnot

requiremoving detectorsor changingoptical settingsastraditional

cameradefocusmethodsdo [Pentland1987;Nayarand Nakagwa

1994]. Therefore,our methodcan be more corveniently imple-

mented.However, a coaxialimplementatiorof depthfrom camera
defocus,asin [Nayar et al. 1996], allows for capturingdynamic
sceneswhich our methodcurrently is incapableof, becauseve

use24 imagesfor depthestimation. We believe this numbercan

be greatlyreducedwhich would enableus to develop a real-time
sensorthatcanhandledynamicscenes.In Eq. (1), therearethree
unknowns: a, b, andz. If we cancalibratethe defocuskernel f a

priori, then,in theory 3 imagesare enoughto solve for theseun-

knowns. Interestingly this minimum numberis the samefor other
shapeacquisition methods, like the phase-shiftmethod [Huang
etal. 2003],thetime-of- ight method[Gonzales-BanoandDavis

2004],andphotometricsteredHorn andBrooks1989].

Our temporal defocusmethod can deal with specularsurfaces,
wheneer the BRDF's areapproximatelyconstanwithin the solid
angle subtendeddy the projectoraperturefrom the scenepoint.
Neverthelessthe extremecaseof nearmirror re ection, aswell as
saturatechighlight pixels, will causeerrors. Although our method
is developedunderthedirectillumination assumptionit's not very
sensitve to theindirectillumination. This is becausendirectillu-
minationusuallycreateonly very low frequeng intensity uctua-
tion, which will mainly affect Fourier coefcient Ag. Our depthis
however estimatedrsia A; andA,. Of course for extremelyspecu-
lar re ection, theglobalillumination canchangedramaticallywith
the projectedpatternsandhenceour methodwill breakdown.

Onechallengingopenproblemfor defocus-basethethodss han-
dling translucenbbjects. A translucenimaterialintroducesaddi-
tional blur dueto subsurfcescatteringwhich would causea sys-
tematicbiasin our methods. The amountof biasdependsn the
amountof transluceng blur comparedo defocusblur. If the de-
focusblur dominateghetransluceng blur, theerrorwill besmall.
Otherwisetheerrorwill belarge. It would beinterestingto extend
our analysigo handleblur inducedby transluceng. In practicethe
depthof mixture pixels at boundariess oftena blendof its neigh-
boringdepthvalues.It would beinterestingo accuratelymodelthe
mixturepixels,e.g.,combiningour approactwith thedefocusmat-
ting method[McGuire et al. 2005], to estimatemattesfor scenes
with continuousdepthvariations.

Ourmethodfor defocuscompensatioessentiallyextendsthedepth
of eld of the projector However, whenthe blur is very severe,
our methodcannotfully compensatdor the blur dueto the lim-

ited dynamicrangeof the projector In sucha case combiningour
methodwith multiple-projectorsolutions[Bimber and Emmerling
2006] could be bene cial. Finally, we planto extendour work on
depielationto makeit apracticalandusefulprojectorfeature. How

objectionablepixelation artifactsare, is really a subjectve issue.
For our techniqueto beincorporatednto commercialprojectors a
few presetoptionscanbe provided sothatthe usercandecidehow

muchfocusquality they arewilling to tradeof for depixelation.

References

BIMBER, O., AND EMMERLING, A. 2006. Multi-focal projection. IEEE Trans.on
Visualizationand ComputerGraphicsto appear

BIMBER, O., WETZSTEIN, G., EMMERLING, A., AND NITSCHKE, C. 2005. En-
abling view-dependenstereoscopiprojectionin real environments. In Proc. Int.
Sympon Mixedand AugmentedReality, 14—23.

CURLESS, B., AND LEVOY, M. 1995. Betteropticaltriangulationthroughspacetime
analysis.In Proc. Int. Conf on Computeision, 987—-994.

Davis, J., NEHAB, D., RAMAMOOTHI, R., AND RUSINKIEWICZ, S. 2005. Space-
time stereo: A unifying framework for depthfrom triangulation. IEEE Trans.on
Pattern Analysisand Machine Intelligence27, 2, 296—-302.

FAUGERAS, O. 1993. Three-DimensionaComputeMision. MIT Press.

FAVARO, P., AND SOATTO, S. 2005. A geometricapproacho shapefrom defocus.
IEEE Trans.on Pattern Analysisand Machine Intelligence(in press).

Fuail, K., GROSSBERG, M., AND NAYAR, S. 2005. A ProjectorCameraSystem
with Real-TimePhotometricAdaptatiorfor DynamicErnvironmentsin Proc.|EEE
Conf on ComputenMsion and PatternRecanition, 814-821.

GIROD, B., AND SCHEROCK, S. 1989. Depthfrom defocusof structuredight. In
Proc. SPIEConf on Optics, lllumination, andImage Sensingor Machine Vision.

GONZALES-BANOS, H., AND DAvIS, J. 2004. A methodfor computingdepthunder
ambientlluminationusingmulti-shutteredight. In Proc.IEEE Conf on Computer
Vision and Pattern Recanition, 234-241.

GROSSBERG, M., PERI, H., NAYAR, S., AND BELHUMEUR, P. 2004. Making One
ObjectLook Like Another: ControllingAppearancesinga ProjectorCameraSys-
tem. In IEEE Confeenceon ComputerVision and Pattern Reca@pnition (CVPR)
vol. |, 452-459.

HORN, B., AND BROOKS, M. 1989. ShapefromShading MIT Press.

HUANG, P. S., ZHANG, C. P, AND CHIANG, F. P. 2003. High speed3-d shape
measuremerttasedon digital fringe projection. Optical Engineeringd2, 1, 163—
168.

JAIN, A. K. 1989. Fundamental®f Digital Image Processing PrenticeHall.

JIN, H., AND FAVARO, P. 2002. A variationalapproacho shapefrom defocus. In
Proc. Eur. Conf on Computenision, 18-30.

KANADE, T., GRUSS, A., AND CARLEY, L. 1991. A very fastvlsi range nder In
Proc. Int. Conf on Roboticsand Automation vol. 39, 1322-1329.

KONINCKX, T. P, PEERS, P., DUTR, P,, AND GooL, L. V. 2005. Scene-adapted
structuredight. In Proc.IEEE Conf on ComputeMsion andPatternRecanition,
611-619.

Levoy, M., CHEN, B., VAISH, V., HOROWITZ, M., MCDOWALL, |., AND BOLAS,
M. 2004. Syntheticapertureconfocalimaging. In SIGGRAPHConfeencePro-
ceedings825-834.

LJUNG, L. 1998. Systenidenti cation: A Theoryfor the User, 2 ed. PrenticeHall.

MAJUMDER, A., AND WELCH, G. 2001. Computergraphicsoptique: Optical su-
perpositionof projectedcomputergraphics. In Proc. EurographicsWorkshopon
Virtual Enviroment/ImmesiveProjectionTechnolagy.

MCGUIRE, M., MATUSIK, W., PFISTER, H., HUGHES, J. F., AND DURAND, F.
2005. Defocusvideomatting. In SIGGRAPHConfeenceProceedings567-576.

NAYAR, S. K., AND NAKAGAWA, Y. 1994.Shapdrom focus.|EEE Trans.on Pattern
Analysisand Machine Intelligencel6, 8, 824—-831.

NAYAR, S. K., WATANABE, M., AND NOGUCHI, M. 1996. Real-timefocusrange
sensor IEEE Transactionson Pattern Analysisand Machine Intelligencel8, 12,
1186-1198.

NOCEDAL, J., AND WRIGHT, S. J. 1999. NumericalOptimization Springer

OPPENHEIM, A. V., AND WILLSKY, A. S. 1997. Signalsand Systems2 ed. Prentice
Hall.

PENTLAND, A. 1987.A new sensdor depthof eld. IEEE Trans.on PatternAnalysis
andMachinelntelligence9, 4, 523-531.

RAJ, A., AND ZABIH, R. 2005. A graphcutalgorithmfor generalizedmagedecon-
volution. In Proc. Int. Conf on Computeiision.

RAJAGOPALAN, A. N., AND CHAUDHURI, S. 1997.A variationalapproacto recos-
eringdepthfrom defocusedmages.|EEE Trans.on Pattern Analysisand Machine
Intelligencel9, 10,1158-1164.

RASKAR, R., WELCH, G., CUTTS, M., LAKE, A., STESIN, L., AND FUCHS, H.
1998. Theof ce of thefuture: A uni ed approacho image-basedhodelingand
spatiallyimmersie displays.In SIGGRAPHConfeenceProceedings179-188.

RASKAR, R., WELCH, G., Low, K., AND BANDYOPADHYAY, D. 2001. Shader
lamps.In Proc. EurographicsWorkshopon Rendering

RASKAR, R., VAN BAAR, J., BEARDSLEY, P,, WILLWACHER, T., RAO, S., AND
FORLINES, C. 2003.ilamps: geometricallyawareandself-con guringprojectors.
In SIGGRAPHConfeenceProceedings809-818.

RASKAR, R., HAN TAN, K., FERIS, R., YU, J., AND TURK, M. 2004. Non-
photorealisticcamera: Depth edgedetectionand stylized renderingusing multi-
ash imaging. In SIGGRAPHConfeenceProceedings679-688.

SCHARSTEIN, D., AND SzELISKI, R. 2003. High-accurag stereodepthmapsusing
structuredight. In Proc. [EEE Conf on ComputeMsion and Pattern Recanition,
195-202.

SCHECHNER, Y. Y., KIRYATI, N., AND BASRI, R. 2000. Separatiorof transparent
layersusingfocus. Int. J. on ComputeMision 39, 1, 25-39.

SEN, P, CHEN, B., GARG, G., MARSCHNER, S. R., HOROWITZ, M., LEVOY, M.,
AND LENSCH, H. P. A. 2005. Dual photograpii. In SIGGRAPHConfeence
Proceedings745-755.

TAPPEN, M. F., RUSSELL, B. C., AND FREEMAN, W. T. 2004. Ef cient graphical
modelsfor processingmagesin Proc.|EEE Conf onComputeMsionandPattern
Recanition, vol. 2, 673-680.

ZHANG, L., SNAVELY, N., CURLESS, B., AND SEITZ, S. M. 2004.Spacetimdaces:
High-resolutioncapturefor modelingandanimation.In ACM AnnualConfeence
on ComputerGraphics 548-558.

ZHANG, Z. 2000. A e xible new techniquefor cameracalibration. IEEE Trans.on
Pattern Analysisand Machine Intelligence22, 11,1330-1334.



