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Abstract
In orderto producebright images,projectorshave large apertures
andhencenarrow depthsof �eld. In this paper, we presentmeth-
odsfor robustscenecaptureandenhancedimagedisplaybasedon
projectiondefocusanalysis.We modela projector's defocususing
a linear system. This model is usedto develop a novel temporal
defocusanalysismethodto recover depthat eachcamerapixel by
estimatingthe parametersof its projectiondefocuskernel in fre-
quency domain. Comparedto mostdepthrecovery methods,our
approachis moreaccurateneardepthdiscontinuities.Furthermore,
by usingacoaxialprojector-camerasystem,weensurethatdepthis
computedatall camerapixels,withoutany missingparts.Weshow
thattherecoveredscenegeometrycanbeusedfor refocussynthesis
andfor depth-basedimagecomposition.Usingthesameprojector
defocusmodelandestimationtechnique,wealsoproposeadefocus
compensationmethodthat �lters a projectionimagein a spatially-
varying,depth-dependentmannerto minimizeits defocusblur after
it is projectedontothescene.Thismethodeffectively increasesthe
depthof �eld of a projectorwithout modifying its optics. Finally,
we presentan algorithmthat exploits projectordefocusto reduce
thestrongpixelationartifactsproducedby digital projectors,while
preservingthequality of theprojectedimage.We have experimen-
tally veri�ed eachof ourmethodsusingrealscenes.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Digitizingandscanning,displayalgorithm;I.4.8[Im-
age Processingand ComputerVision]: SceneAnalysis—Depth
cues,rangedata,shape.

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

1 Intro duction
Digital projection technologies,such as Digital Light Process-
ing (DLP) and Liquid Crystal Displays (LCD), are increasingly
usedin consumer, commercialandscienti�c applications.In com-
putergraphicsandvision,videoprojectorshaverecentlybeenused
asper-pixel controllablelight sourcesfor real-timeshapeacquisi-
tion [Huanget al. 2003;Zhanget al. 2004;Davis et al. 2005;Kon-
inckx et al. 2005], for complex appearancecapture[Levoy et al.
2004;Senet al. 2005] andcontrol [Raskaret al. 2001;Grossberg
et al. 2004;Bimberet al. 2005]. All theseapplicationsrequirethe
projectorsto be focusedfor bestperformance.In practice,projec-
torsarebuilt with largeaperturesto maximizetheirbrightness.As a
result,virtually all projectorshaveverynarrow depthsof �eld; they
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aredesignedto producefocusedimageson a singlefronto-parallel
screen.An analysisof thedefocuspropertiesof projectorsis there-
fore bene�cial asit couldleadto new methodsthat take advantage
of, aswell ascompensatefor, projectiondefocus.
In this paper, we provide the �rst systematicanalysisof projector
defocusand demonstrateits applicationsto robust scenecapture
andenhancedimagedisplay. We�rst presentasimplelinearmodel
for projectordefocus.Basedonthismodel,wepresentafrequency-
domainmethodfor estimatingthespatially-varyingdefocuskernel
of aprojector. Thekernelestimatedateachscenepointisusedto re-
cover the3D geometryof thescene.Basedontheestimatedkernel,
we also presenta techniquethat computationallymanipulatesan
input imageto minimize its defocusblur whenit is projectedonto
a non-planarscene. Finally, we demonstratethat defocusingcan
beput to gooduse.A slight amountof defocusing,in conjunction
with a compensationalgorithm,canbeusedto reducepixelation,a
strongartifactproducedby all digital projectors.Speci�cally, this
papermakesthefollowing threecontributions:
SceneGeometryusing Temporal DefocusAnalysis: We propose
a methodcalledtemporaldefocusanalysisthat estimatesdepthat
eachcamerapixel, independently, without usinginformationfrom
neighboringpixels (Section3). Our method,comparedto exist-
ing methods,such as stereoor even traditional depth from fo-
cus/defocusalgorithms,is moreaccurateneardepthdiscontinuities.
Sincethemethodis not basedon triangulation,we canusea coax-
ial projector-camerasystemandcomputedepthat all camerapix-
els,without any missingparts.Theseadvantagesmake themethod
uniquelysuitedto computergraphicsapplicationslike refocussyn-
thesisandimagecomposition,bothof whichwedemonstrate.
FocusedProjection at Multiple Depths: We presentan iterative,
spatially-varying �ltering algorithmthat compensatesfor defocus
blur basedon scenegeometry(Section4). This techniqueeffec-
tively increasesthedepthof �eld of a projectorwithout modifying
its optics.As aresult,weareableto useasingleprojectorto project
well-focusedimageson multiple planesthatareat differentdepths
aswell asoncurvedprojectionsurfaces.Webelieve thiscapability
addressesanimportantlimitation of currentprojectorsandwidens
their applicabilityin therealworld.
Depixelation by Defocusing: Finally, we generalizeour defocus
compensationalgorithm to reducethe strong pixelation artifacts
producedby all digital projectors(Section5). The key idea is to
slightly defocusthe projectorso asto attenuatethe high frequen-
ciesproducedby pixelationandusethe defocuscompensational-
gorithmto makeupfor theinducedprojectordefocus.Thismethod
is especiallysuitedfor projectinghigh resolutionimagesusinga
low resolutionprojector, andwe show several examplesof results
to illustrateits effects.

2 Previous Work
Many methodshave beenproposedin computervision to recover
3Dshapefrom images,includingmulti-view triangulationmethods,
single-view photometricmethods,andcamerafocus/defocusmeth-
ods. Triangulation-basedmethods[Faugeras1993],e.g.,structure
from motion and stereo,requirea point to be visible in at least
two views to bereconstructed.Sceneswith complex occlusionsre-
maina challengingproblemfor thesemethods.Photometricmeth-
ods [Horn and Brooks 1989], e.g., photometricstereoand shape
from shading,estimatesurfacenormalsinsteadof surfacedepth.
Converting normalsto depthsis an ill-posed problemfor scenes
with depthdiscontinuities.



Depth recovery methodsbasedon camerafocus and defocus,
e.g.[Pentland1987;NayarandNakagawa1994;Nayaretal. 1996;
Schechneret al. 2000;FavaroandSoatto2005],have thepotential
to recover depthat every pixel, regardlessof the scenecomplex-
ity andocclusions.To resolve the focusambiguityof textureless
surfaces,patternscan be projectedto force scenetexture [Girod
andScherock1989]. However, cameradefocuskernelsdependon
localsurfacegeometry. To simplify thekernelanalysis,mostprevi-
ousworksassumethat,within a small spatialwindow, thesurface
depth is constant,the so-calledequalfocalassumption. This as-
sumptionsmearsshapedetailsandis invalid acrossdepthdisconti-
nuities.To alleviatethisproblem,Jinetal. [2002]andRajagopalan
andChaudhuri[1997]estimatedepthsfor all pixelssimultaneously
via a large scaleenergy minimization, which is computationally
expensive andproneto local minima. Our key observation is that,
unlikecameradefocus,thekernelfor projectordefocusis scenein-
dependent, for mostscenesurfaces.Speci�cally, whena 3D scene
point seestheentireprojectoraperture,its defocuskerneldepends
only on its distanceto theprojectorlensandnot on its neighboring
surfacegeometry. Thisdifferencearisesfrom thefactthatprojector
defocusconvolution happenson theprojector's imageplanewhile
cameradefocusconvolutionhappensonthescenesurface.Exploit-
ing this scene-independentproperty, we projecta shifting pattern
over thesceneandcomputedepthat eachpixel usingjust its inten-
sity variationover time. Without usingtheequalfocalassumption,
our methodworkswell at depthdiscontinuities.Furthermore,it is
simpleandnotsubjectto localminima.

Our temporalper-pixel defocusanalysisis inspired by previous
structuredlight range �nding methods. In particular, Kanade
et al. [1991] andCurlessandLevoy [1995] usetemporalintensity
variationto resolve correspondencesbetweencamerapixelsanda
sweepinglaserstripe. Huanget al. [2003] have developeda real-
time range�nder by sweepingperiodicsinusoidalstripesusinga
DLP projector. Zhanget al. [2004] andDavis et al. [2005] have
generalizedtheseideasto space-timestereo.All theserange�nd-
ing techniquesarebasedon the principle of triangulation,which
cannotestimatedepthfor pointsthatarevisible to only thecamera
or thesourcebutnotboth.Sinceourmethodisnotbasedontriangu-
lation,we areableto usea coaxialcon�gurationwherethecamera
andprojectorsharethesameopticalcenter, andcomputedepthatall
camerapixels(nomissingparts).To ourknowledge,theonly other
techniquethat is ableto estimatea completedepthmapwith clean
discontinuityboundariesis time-of-�ight, e.g., [Gonzales-Banos
andDavis 2004], which requiresexpensive specializedhardware.
Raskaret al. [2004] proposeda methodto detectdepthdiscontinu-
ities usingmultiple �ash lights. The detecteddiscontinuitiescan
beusedto enhancestereomatchingalgorithms.Comparedto this
work, our methoddirectly generatesreliabledepthestimationfor
all pixels,includingtheonesneardiscontinuities.

In additionto scenecapture,several methodshave beenproposed
that usecamerasto enableprojectorsto display “better” images.
These include compensatingdistortions due to surface geome-
try [Raskaret al. 2003] and correctingbrightnessvariationsdue
to surfacecolor andtexture [Grossberg et al. 2004; Bimber et al.
2005]. In theseworks,theprojectorsareoftenusedto displayim-
agesontosceneswith considerabledepthvariation,wheredefocus
blur is inevitableandmostoftenspatially-varying.Complementary
to theseprevious methods,our work seeksto compensatefor de-
focusblur, andhencecouldbebene�cial to thepreviousmethods.
In [Bimber andEmmerling2006], a systemis proposedthat can
projectfocusedimageson multiple planesat differentdepths.This
systemusesmultipleprojectorswhereeachprojectoris focusedon
a singleplane. In our case,we usea singleprojectorto simulta-
neouslyprojectwell-focusedimagesat multiple depths. Another
interestingrelatedwork is by MajumderandGreg [2001], in which
multiple projectorsat differentfocal settingsarecombinedto gen-
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Figure1: The principle of depthfrom projectiondefocus.Points
atdifferentdistancesto theprojectorlensexhibit differentamounts
of blur in their temporalradiancepro�le asa periodicillumination
patternis shiftedacrossthescene.
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(a) (b)
Figure 2: (a) A coaxial projector-camerasystemfor depthfrom
projectiondefocus.Thesystemis madecoaxialonly to ensurethat
depthcanbe computedat all camerapixels. (b) The illumination
patternthat is shifted acrossthe sceneto measuredepthat each
pixel, independently.

eratedepthof �eld effectsataninteractive rate.
Deblurring is a well-studiedtopic in imageprocessingwherenu-
meroustechniqueshave been proposed,ranging from classical
Wiener�ltering andconjugategradientoptimization[Jain1989]to
morerecentalgorithmsbasedon graphcuts[Raj andZabih2005]
andbeliefpropagation[Tappenetal. 2004].Our techniqueis based
onbound-constrainedquadraticprogramming[NocedalandWright
1999],which is a variantof existing algorithmsthatbestsuitsour
formulationof the problem. As we show, our deblurringmethod
canalsoreducepixelationeffectsproducedby digital projectors.

3 Depth from Projection Defocus
In this section,we formulatethe problemof recovering 3D shape
from projectiondefocusandpresentoursolution.

3.1 Temporal Defocus Analysis

Considera scenethatis illuminatedby structuredlight from a pro-
jectorwhich is focusedbehindthescene,asshown in Figure1. For
a point q that is in focus,its irradiancecomesfrom a singlepoint
on the projector's imageplane. For a point s that is out of focus,
its irradianceequalstheconvolution of its defocuskernelwith the
structuredlight patternon the projector's imageplane. Assuming
that thesurfaceis opaque,theradianceI of s alongany givenout-
goingdirectioncanbewrittenas

I = a f (x;z) � P(x) + b; (1)

where� denotesconvolution, a is a factordependingon surface
re�ectance1, b is theradiancedueto theambientlight, f (x;z) is the

1To beprecise,a takesinto accountall surfaceshadingfactors:BRDF,
orientationwith respectto theirradiancedirectionandthesquareddistance
fall-off of theprojectorbrightness.
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Figure3: Illustration of the calibrationprocedure.(a) A white boardwith four markers tilted in front of the camera.(b) Depthmapof
theboardcomputedusingthemarkers. (c) Theboardunderoneof thestripeprojectionpatterns.(d) q mapfor theboard. (e) q valuesin
column350of (d). (f,g) Temporalradiancepro�les of thepointsq ands, respectively. (h,i) Discrete-timeFourierseries(DFS)of (f) and(g).
(j) Mappingsfrom q to depthz for columns100,350and600,respectively.

defocuskernel,andP(x) is the illumination pattern. The defocus
kernel f dependson thedepthz.2 We now describehow to recover
thedepthzby estimatingthekernel f from radiancemeasurements.

3.2 Depth Estimation

To estimatethekernel f , we notethatEq. (1) de�nes a linearsys-
temin which theprojectionpatternandthesceneradiancearethe
input andtheoutput,respectively. Estimatingthekernelof a linear
systemis a classicalproblemin systemidenti�cation [Ljung 1998]
andwetakea frequency-domainapproachto solve it in oursetting.
Our basicideais to shift anillumination patternwith a wide range
of frequencieswithin it acrossthescene.Theradianceof a surface
pointovertimeis thentheresponseof its defocuskernelto theexci-
tationby theilluminationpattern.As thepatternis shifted,pointsat
differentdistancesto theprojectorexhibit differentamountsof blur
in their temporal radiancepro�le, asillustratedin Figure1. Weuse
this temporalblur for depthrecovery.
Given the temporalradiancesequence,Il , l = 0; : : : ;L � 1, for a
point, we quantify its blur by decomposingit into a discrete-time
Fourierseries(DFS)[OppenheimandWillsky 1997]as

Il = A0 +
L� 1

å
k= 1

Ak cos(wkl � f k); (2)

where wk = 2kp
L , Ak = (B2

k + C2
k )

1
2 , f k = arctan(Bk;Ck), Bk =

1
L

L� 1
å

k= 0
Il sin(wkl ) andCk = 1

L

L� 1
å

k= 0
Il cos(wkl ). Sincethe kernel f is

a low-pass�lter , how quickly the coef�cients Ak diminish with k
is a measureof theamountof defocus,which in turn yieldsdepth.
Note that A0 cannotbe usedto estimatedepthbecauseit depends
on theambientlight b . AlthoughbothA1 andA2 arescaledby the
albedoa , their ratio canbeusedto determinehow severelythede-
focuskernelattenuatesthe second-orderharmonicwith respectto
the�rst-order one.Therefore,weusethefollowing ratio

q =
A2

A1
(3)

asameasureof depth.In Eq.(3),A1 > A2 > 0andq 2 [0;1] because
f is a low-pass�lter . Deriving theanalyticmappingbetweenq and
z is tediousbut possibleif we know preciselytheopticaldesignof
the speci�c projector. However, analyticallyderiving a projector-
speci�c mappingis not worth the effort as it would not apply to

2Dueto lensaberration,f generallyalsovariesacrossdifferentpixels.

otherprojectors— eachprojectortendsto have a uniqueoptical
design. Therefore,in the next section,we presenta generaldata-
drivenapproachthatcalibratestheq � z mappingonceandfor all,
for any givenopticalsettingof any givenprojector-camerasystem.

3.3 System Setup and Illumination Pattern

We have built a prototypecamera-projectorsystemto implement
our depthfrom projectiondefocusmethod.Our systemconsistsof
anNEC LT260K DLP projectoranda BaslerA311f monochrome
camera.To avoid shadows andocclusions,we approximatelyalign
theopticalcentersof theprojectorandthecamerawith abeamsplit-
ter (EdmundOpticsstock#NT39-493),asshown in Figure2(a)3.
Theprojectoris alwaysfocusedonaplanebehindtheworkingvol-
umetoavoidatwo-waydefocusambiguity. As theprojectorisquite
bright4, we stop-down theapertureof thecamerato F11so that it
worksapproximatelyasapinholecamera– any defocusintroduced
by thecamerais negligible comparedto thatof theprojector.
Therearemany choicesof input sequences(excitation signals)in
systemidenti�cation theory. We have chosento usea simpleone–
a binaryperiodicsequence011011011011...with period3, which
is onetypeof M-sequence[Ljung 1998].We encodethis sequence
asa stripepatternin which eachbit correspondsto an8-pixel wide
stripe,asshown in Figure2(b). We shift this pattern,onepixel at a
time,andtakea total of L = 24 imagesfor eachexperiment5.

3.4 Calibration

We calibratethe mappingfrom the q in Eq. (3) to the depthz in
threesteps.Step1: We computethecorrespondencebetweenpro-
jectorandcamerapixels. This is achievedby projectingshiftedsi-
nusoidsin bothhorizontalandverticaldirections.Thedetailsof this
procedurecanbefoundin [ScharsteinandSzeliski2003]. Step2:

3We align the cameraandthe projectorby projectingan imageonto a
white boardwith a fencein front of it andadjustingthe cameraposition
until it doesnotseeany shadowscastby theprojector.

4Duringdepthestimation,wehaveusedtheprojectorasagrayscaleone
by removing its colorwheelfrom thelight pathto boostits brightness.

5In our experiments,we have foundthat theprojectorproducesseveral
undesirableeffects: it vibratesat a high frequency, possiblydueto the ro-
tation of its fan; its brightnessis not stableover time; the imprecisesyn-
chronizationbetweenthecameraandprojectorcausesmeasuredradiances
to �uctuateslightly overtime. To resolvetheseissues,werepeattheshifting
of thepatternabout85 timesandcomputeameanimagefor eachshift. The
camerarunsat60Hzandthetotalacquisitiontime is within aminute.



Scene Depthmap Magni�ed depthmap Gray-shaded3D model

Figure4: Depthrecovery resultsfor threescenes.From left to right: An imageof the scene,the computedintensity-codeddepthmap,a
close-upview of thedepthmap,a gray-shaded3D modelof thescene,asseenfrom a novel viewpoint. Notice thequality of thecomputed
deptharoundscenediscontinuities.(Pleaseseethe companionvideo.)

We tilt a foamboardin front of thesystemandcomputedepthfor
eachof its points.This is doneby takinganimageof theboardwith
a few referencemarkers,asshown in Figure3(a),6 andcomputing
thehomography from theboardto theprojectionplane.As detailed
in [Zhang2000], this homography allows us to estimatethe posi-
tion andorientationof the board7, from which the depthof every
point of theboardcanbeeasilycomputed.Figure3(b) shows the
intensity-codeddepthmapof theboard.Step3: Wecomputetheq
valuesfor all pointson theboardby shifting thestripepatternand
computingA1 andA2 for eachpixel.

Figure3(c) shows an imageof the boardunderoneof the shifted
patterns,and (f) and (g) show the temporalradiancepro�les of
two points,q ands, on the board. As s is closerto the projector
andmoredefocusedthanq, its temporalradiancepro�le is more
blurred.Figures3(h) and(i) show plotsof theDFScoef�cients Ak
for the pro�les in (f) and(g), respectively. Figure3(d) shows the
intensity-codedq mapand(e) shows a plot of the q values(blue
curve) for thecolumn350in (d). Theraw q valuesincludea small
mountof noiseandhencewe �t a smoothcurve which is shown as
thegreencurve in (e). Usingthedepthestimationin Step2, wecan
tabulatethe mappingfrom q to z. In our currentimplementation,
we build a lookup tablefor eachcolumn,assumingthat the defo-

6Theglareis producedby a numberof dustparticleson thehalf-mirror.
Sincethehalf-mirroris verycloseto theprojector, theseparticlesarelit with
roughly 100 timesthe intensitycomparedto the scene,therebyproducing
bright spotsin theimagethathave theshapeof thecameraaperture.

7Zhang[2000]takesseveralimagesof aboardatdifferentorientationsto
estimateacamera's intrinsicparameters.In ourwork, weapproximatelyes-
timatetheprojector's intrinsicsfrom thefrustumspeci�cationin its manual.
Therefore,weonly takeoneimageof theboardto computeits pose.

cuskernelis vertically invariantbut hassomehorizontalvariation.
Figure3(j) shows threeq–z mappingcurvesfor the columns100,
350 and600. An even morecomprehensive calibrationwould in-
volve translatingthe boardacrossthe whole working volumeand
generatinga lookuptablefor eachpixel. Sucha calibrationwould
accountfor higher-orderprojectorlensaberrationsaswell.

3.5 Depth Recovery Results
Onceweknow themappingbetweenq andz, thedepthrecovery is
straightforward. We take 24 imageswhile shifting theillumination
patternacrossthescene.Fromtheseimages,wecomputeq for each
camerapixel usingEqs.(2,3) andthentransformtheq imageto a
depthimageusingthepre-computedlookuptable.Figure4 shows
severaldepthrecovery results.In the�rst row, we show resultsfor
a scenewith booksandwoodenblocksthathassimpleboundaries.
Our methodrecoversthesharpdepthdiscontinuitiesat thebound-
aries. In the secondrow, we show resultsfor a scenewith two
toy wrestlerswith similar skin color. Again, our methodcansepa-
ratethetwo �gures with cleanboundaries,eventhoughthesurfaces
have a specularcomponent.In the third row, we show resultsfor
a scenewith leavesbehinda fence.This resultshows that theper-
formanceof our methodis independentof occlusioncomplexity.
In fact, it hasbeenshown [ScharsteinandSzeliski2003] that it is
very dif�cult to obtaina depthmapthat is completein any camera
view for a scenelike theonewith leavesusingtriangulation-based
methods,evenif multiple camerasandprojectorsareused.All the
resultsarecomputedwithin aminuteusingMatlab.

We have also computednoisestatisticsfor our depthestimation.
Speci�cally, we chose20 planarpatchesfrom the experimented
scenesthat are locatedat differentdepthwithin the working vol-
ume. We thencomputedthe meanandstandarddeviation of the
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Figure5: Noisestatisticsin the depthestimation. Twenty planar
patchesarechosenfromtheexperimentedscenes,shown onthetop,
andthemeanandstandarddeviation of thedepthfor thosepatches
areplottedat the bottom. Within a 600mmworking volume,our
depthestimationnoiseis around4mm.

(a) (b) (c)
Figure6: (a) Refocusedimagesof thebookscenein Figure4. The
defocuseffectsaresynthesizedusingtherecovereddepthmap.(b)
A collectionof playingcardsplacedat four depthlayersandtheir
estimateddepthmap. (c) A moving handfrom anothervideo is
insertedinto the cardscenewith all the desiredocclusioneffects.
(Pleaseseethe companionvideo.)

depthsinsidethesepatches,asshown in Figure5. From this �g-
ure,we canseethatour depthestimationnoiseis about4mmfor a
workingvolumeof 600mm.

3.6 Applications: Refocusing & Video Composition

A distinctive featureof our depthrecovery methodis that it esti-
matesdepthat every pixel in thecamera's view andtheestimation
is reliableneardepthdiscontinuities.Thismakesourapproachpar-
ticularly well-suitedfor a variety of image-basedapplicationsin
computergraphics.Here,weshow two examples,namely, refocus-
ing andobjectinsertionto composeanew imageor video.

Figure6(a)shows two refocusedimagesof thebookscenein Fig-
ure4: thetop oneis focusedon theforegroundwoodenblocksand
the bottom one is focusedon the backgroundletters. Thesetwo
imagesweregeneratedwith the “lens blur” tool in AdobePhoto-
Shop.8 This tool takes an imageand its depthmap as inputs to
generatenew imagesthatarefocusedatany desireddepth.

8In theory, without having the full light �eld available,refocusingcan
not be simulatedexactly. The PhotoShopimplementationof lens blur is
proprietary. We think a practicalway to implementit would beto heuristi-
cally impainttheoccludedlayersa little bit to obtainthefull light �eld.

Figure6(b)showsacollectionof playingcardsplacedat four depth
layers.Therepetitive textureson thecardsandthecomplex occlu-
sionsmake it very hardto segmentthesceneinto layersautomati-
cally, or evenmanually. Usingprojectiondefocus,ourmethodpro-
ducesa cleandepthmapthatsegmentsthesceneinto layers.This
segmentationmakesit easyto insertobjectsinto thescenewith cor-
rectocclusioneffects. Figure6(c) shows a realhandfrom another
videoinsertedinto thescenewith all thedesiredocclusioneffects.
Pleaseseethe video for more results.
We believe thatwhena completedepthmapis availablefor anim-
age,avarietyof imageeditingapplicationsbecomepossibleor eas-
ier to implement.Examplesotherthantheoneswehaveshown are
creatinglayeredrepresentationsof complex scenesfor view mor-
phing, segmentationfor matting,objectreplacement,andshadow
removal. In thepast,suchapplicationshavenotbeeneasyto imple-
mentas“clean” depthmapshavenotbeeneasyto obtain.For most
imageeditingtasks,thedepthmapsneednot behighly precise(as
with time-of-�ight sensors),but they needto becompleteandthey
needto be reliable at discontinuities,as humansare particularly
sensitive to edgeartifacts.We hopeourdepthrecovery method,al-
thoughnotasaccurateaslaserscannersor structuredlight sensors,
will inspirenew typesof imageeditingapplications.

4 Focused Projection at Multiple Depths

Dueto theiropticaldesign,standardprojectorscanonly befocused
on a single fronto-parallelplane. In someapplications,it is de-
sirableto project imagesonto non-planarstructures;for example,
multiple planesor a dometo createa virtual environment[Raskar
et al. 1998]. In suchcases,mostpartsof theimageareblurreddue
to defocus.Onewayto solvethisproblemis to designsophisticated
optics.Evenif this is possible,theopticscannotbemodi�ed to ac-
commodatechangesin the structurethat is beingprojectedonto.
Anotherapproachis to usemultiple projectors[Bimber andEm-
merling2006],wherethenumberof depthsfor which theprojected
imagecanbein focusequalsthenumberof projectors.In this sec-
tion, complementaryto the multi-projectorapproach,we propose
a computationalmethodthatprocessesan input imagein a scene-
dependentway to minimize the defocusblur at all points in the
projectedoutputimage.Ourmethodrequiresjustacameraandcan
beappliedto any off-the-shelfprojector.

4.1 Defocus Compensation Algorithm

ConsiderthescenariowhereanimageI needsto beprojectedonto
asurfacewith givendepthvariation.Theradianceof apointon the
surfacedueto illuminationby theprojectoris governedby thepro-
jectiondefocusequationEq.(1). As in previouswork, e.g.[Raskar
et al. 2003;Fujii et al. 2005],we usea cameraasa proxy for the
humaneye and seekto make the sceneradiancecapturedby the
camerabethesameastheinput imageI . To do so,we canproject
acompensationimage, P� , by solvingtheprojectiondefocusequa-
tion as

P� = (a f )� 1 � (I � b ); (4)

where(a f )� 1 is theinverseof thekernela f . Theoretically, if P� is
projected,thescenebrightnesswill bethesameastheinput image
I . However, f is a low-pass�lter andits inversewill have strong
ringingeffects.Therefore,Eq.(4) will notbefeasibleto implement
unlesstheprojectorhasanin�nite dynamicrange.Instead,wecast
theproblemof computingthecompensationimageasaconstrained
minimizationproblem,asfollows:

P� = argmin
P

f d(a f � P+ b; I ) j 8x; 0 � P(x) � 255g; (5)

wherex is the projectorpixel coordinateand d(�; �) is an image
distancemetric. Eq. (5) �nds thecompensationimageP� , with all
its brightnessvalueswithin theprojector'sdynamicrange,thatafter
defocusblurringmostcloselymatchestheinput imageI .



(a) (b)
Figure 7: Measuringthe spatially-varying defocuskernel. (a) A
portionof thedot patternprojectedonto thescene.(b) Thecorre-
spondingcameraimagewith samplesof thepoint spreadfunction.
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Figure8: Two testscenesfor focusedprojectionatmultipledepths.
(a)Projectionontothreeplanesatdifferentdepthsfrom theprojec-
tor. (b) Projectionontoahemisphericaldome.

In our implementation,we have usedthesum-of-squaredpixel dif-
ferencesfor the imagedistancemetric d(�; �). The compensation
imageP� is found by applyingan iterative, constrained,steepest-
descentalgorithm[NocedalandWright 1999]. We representthe
defocusconvolution,a f � P, asa matrixmultiplication,FP, where
eachrow of F is thedefocuskernelof thecorrespondingpixel mod-
ulatedby its albedo.Thealgorithmstartswith P0 = I anditerates
thefollowing two steps:

P̃i+ 1 = Pi + hiGi (6)

Pi+ 1 = CLAMP(P̃i+ 1; 0;255) (7)

whereGi = FT(I � b � FPi), hi = kGik2

kFGik2 , andCLAMPis a pixel-
wiseclampingoperation.NoticethatGi is thegradientof theimage
distancekFP+ b � Ik2 with respectto P. EvaluatingGi is straight-
forward– it involvestwo image�lterings with thekernelmatricesF
andFT, respectively. Notethatthese�lterings arespatially-varying
and scene-dependent,unlike the standardsharpeningoperations
that areoften built into projectorsby their manufacturers. With-
out Eq. (7), iterating Eq. (6) aloneis a standardsteepest-descent
algorithm,which convergesto thesolutionof Eq. (4). Combining
Eq.(7) andEq.(6) minimizesthedifferencebetweenthedefocused
compensationimageand the original input imagewithin the dy-
namicrangeof theprojector.

4.2 Kernel Estimation

Wenow describehow weobtainb anda f for any givenscene.We
obtainthe ambientterm b by turning off the projectorandtaking
animage.To obtaina f for eachpixel, we couldshift a dot pattern
acrossthesceneandthetemporalradiancepro�le for eachpixel is
thenits kernel. This methodis effective for a scenewith intricate
geometry, suchas the scenesshown in Section3. However, the

scenesusedin ourexperimentshereareat leastpiece-wisesmooth.
Therefore,we simply projecta sparsebinary dot pattern,like the
onein Figure7(a). In ourexperiments,thedistancebetweenneigh-
boringdotsis 12 pixels. Thepoint spreadpatternscapturedby the
camera,shown in Figure7(b),areapproximatelythekernelsfor the
projectorpixelsthatare'1'. Fromthesekernels,we interpolatethe
kernelsfor otherpixelsthatare'0' in abilinearmanner. In theend,
we have a per-pixel kernelmapthataccountsfor spatially-varying
defocuseffects. We repeatthe sameprocedureto capturekernels
for eachof the threecolor channelsof the projector. Calibrating
suchakernelmapalsohelpsto compensatelensaberrationsaswell.
For theabovecomputationsof b anda f , wealwayswarptheimage
from thecamerato theprojector'scoordinateframe,whichmakesit
convenientto comparethedefocusedcompensationimage,FP+ b,
andtheinput imageI . Thecorrespondencesbetweenthecamera's
andtheprojector'spixelsaredeterminedby shiftingsinusoidalpat-
ternsin bothhorizontalandverticaldirections,asin Section3.

4.3 Focused Projection on Multiple Planes

In our �rst experiment,our goal wasto projectan imageof three
fashionmodelsonto threeplanesthat are at different depths,as
shown in Figure8(a).Theprojectoris focusedonthemiddleplane.
We show thefocuscompensationresultsfor thethreefaceregions
in the left threecolumnsof Figure 9. The �rst row of Figure 9
shows theoriginal imageregionsfor thethreefaces.Thethird row
shows thedefocusedoriginal imageregions,capturedby acamera,
withoutany compensation.This row representsthebesttheprojec-
tor (without compensation)canproduce.Notice that even though
the middle plane is in focus, the facestill looks a little blurred
for this planedue to projectorartifacts.9 As expected,the faces
on the left andright planesareeven moreblurreddueto defocus.
The secondrow shows the compensationimageregionsresulting
from Eqs. (6,7), which representthe new input to the projector.
Theseimageregions look like high-pass�ltered versionsof the
original input ones. This is expectedasour methodboostshigh-
frequency componentsto compensatefor the defocusinducedby
scenegeometry. The fourth row shows the defocusedcompensa-
tion imageregionscapturedby the samecamera,which represent
ourresults.Noticethattheseimageregionsarelessblurry andmore
closelyresemblethe input imageregions. Among thesethreede-
focusedcompensationimageregions,theoneon themiddleplane
(secondcolumn)is almostidenticalto the input. The oneson the
left andright planes(�rst and third columns)areslightly blurred
with respectto their inputsbecausedefocusis moreseverein these
two cases,andcertainhigh frequenciesin the input imagethatare
cut by thedefocuscannotbefully compensatedfor dueto thelim-
iteddynamicrangeof theprojector.

4.4 Focused Projection on a Dome

In our secondexperiment,we project an imageof a tiled �o wer
textureonto the insideof a hemisphericaldome,asshown in Fig-
ure8(b). Theprojectoris focusedon the front planeof thedome.
In the right two columnsof Figure9, we show the focuscompen-
sationresultsfor two patcheson the dome– one is from the top
of thedomeandtheotheris from thecenter. Thetop patchis less
blurredthanthe centeronebecausethe former is closerto the fo-
cal planeof theprojector. As with the three-planeexperiment,the
compensationresultscloselyresembletheinput images.

5 Depixelation
In this section,we show how the defocuscompensationmethod
discussedin Section4 canbe usedto reduceprojectorpixelation.

9We found thateven if we focusa projectoron a fronto-parallelplane,
whenprojectingabinarydotpattern,wesee”light leakage”from onepixel
into its neighbors.Weobservedthiseffectondifferentprojectormodels.
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Figure9: Resultsfor defocuscompensation.The threefaceson the left wereprojectedonto the threeplanarsurfacesin Figure8(a). The
two �o wer textureson the right wereprojectedonto the hemisphericaldomein Figure8(b). The defocuscompensationmethodresultsin
lessblurry imageregions(fourth row) thantheuncompensatedimageregions(third row). Theoriginal imageregionsareshown in the�rst
row andthe compensationimageregionscomputedby the methodandusedas input to the projectorareshown in the secondrow. The
compensationmethodis sceneindependentasit canhandleaspatially-varyingdefocuskernel.(Pleaseseethe companionvideo.)

Pixelationis aclearlynoticeableartifactproducedby all digital pro-
jectors.It is causedby two factors.The�rst is thespatialdigitiza-
tion dueto the �nite resolutionof theprojector. Thesecondis the
gap(dead-zone)betweenadjacentpixelsontheprojector'sphysical
imageplanethatarisesbecausethepixel �ll-f actoris never 100%.
Thedigitizationis known to createjaggyboundarieswhenthereso-
lution of theprojectoris not high enoughfor thegivenapplication.
This effect is observedparticularlywhenhigh quality capturedim-
agesareprojected,astheresolutionof mostLCD andDLP projec-
torshasremainedat1024x768or lessfor thelastsevenyears,while
digital camerashavetripledin their resolutionduringthesametime
period. Thedead-zonebetweenpixelsdoesnot generatelight and
producesthin black lines on the projectionscreen,known as the
screen-dooreffect. This effect makespixelationmorepronounced
asit clearlymarksoutpixel boundarieson thescreen.

In our implementationof depixelation,we assumethat the images
areprojectedontoasinglefronto-parallelscreen,i.e.,thetraditional
projectionscenario.Our basicapproachis to focus the projector
slightly in front of (or behind)theprojectionscreensothattheim-
ageonthescreenis slightly blurred.In thiscase,aslightamountof

light is leakedinto theblackgapsandneighboringpixels,whichre-
ducesthescreen-dooreffectaswell assmoothesout thejaggypixel
boundaries.However, doing so alsocreatesblurry images.Since
this purposelyinducedblur is very slight, we canusethecompen-
sationmethodin Section4 to processthe input imageso that the
defocusedprojectionlooksverysimilar to theoriginal input image.
Therefore,the compensationmethodcan be usedin conjunction
with theminor induceddefocusto achievedepixelation.
Speci�cally, we usethe compensationmethodto computean op-
timal imageP� at the projectorresolutionwhosedefocusedpro-
jection mostclosely resemblesthe input image,which may have
higherresolution.Notethat if the input imageresolutionis higher
thanthe projector's native resolution,the numberof rows in F is
largerthanthenumberof columns.Eachrow of F is adefocusker-
nelmodulatedby bothsurfacealbedoandthescreen-dooreffect.
We have testedthedepixelationmethodon severalhigh resolution
input images(eachonewith 3 timestheprojectorresolution).The
captureof b andF is doneusingthe methodin Section4, except
thatwe capturea higherresolutionkernelmapby zooming-inour
camerasothat3� 3 camerapixelsseeaboutoneprojectorpixel.



(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j) (k)
Figure10: Examplesof ProjectorDepixelation. (a) An original imageof 3� projectorresolution.(b) A patchin (a) of projectorresolution.
(c,d) Projectionof (b) underfocusedanddefocusedsettings,respectively. (e) Our depixelationresult. (f-k) Threemoreexamplesof depix-
elationwith (f,h,j) asfocusedprojectionand(g,i,k) asdepixelatedprojection. In all examples,thecompensationgreatlyreducespixelation
effectswhile preservingimagequality. (Pleaseseethe companionvideo.)
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Figure11: Albedo-correlatedbiasandhaloeffectsin depthestima-
tion. (a) Thedepthpro�le for row 380of thescene.(b) Thedepth
pro�le afterremoving noiseandhaloby a7� 7 median�lter .

Figure10 shows four examplesof depixelation. In all the cases,
spatialdigitizationandscreen-dooreffectsaregreatlyreducedand
yet imagesharpnessis preserved. Our currentimplementationof
thecompensationalgorithmusesMatlab. Thealgorithmtakesabout
10 iterationsto convergeandtakes3-5minutesto producethe�nal
compensationimage.Sincethecompensationmethodonly involves
�ltering with F andFT, webelieve it canbeimplementedonimage
processingchipsor graphicshardwareto achieve real-time(frame-
rate)performance.

6 Discussion
In this paper, we have modelledprojectiondefocusasa linearsys-
temanddevelopeda temporaldefocusmethodthat recoversdepth
at all pixels in an image,regardlessof the scenecomplexity. We
alsoproposeda scene-dependent�ltering algorithmthat increases
the depthof �eld of a projectorwithout modifying its optics. Fi-
nally, weshowedthatdefocuscanbeexploitedto reducepixelation
artifactsproducedby digital projectors.Wenow discussthelimita-

tionsof ourwork andopenproblemsastopicsfor futureresearch.

First, our temporaldefocusmethodshould,in principle,be invari-
antto surfacealbedo.In practice,we foundthatthesurfacealbedo
sometimesdoesaffect thedepthestimation,asshown in Figure11.
We believe that this is only an issuewith our currentimplemen-
tation. Our beam-splitternot only re�ects light from the sceneto
the camera,but 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 muchbrighter thanthe black backdrop, Eq. (3) is
dominatedby thescene'sdefocuskernel.However, whenthescene
point is dark,dueto low albedoor becauseits surfaceorientation
is near-grazingfor the projector, the light from the scenepoint to
thecamerais weakandcomparableto thelight from thebackdrop.
In this case, Eq. (3) will dependalsoon thedefocuskernelof the
backdrop,which causeserrorsin depthestimation.The backdrop
kernelremainsconstantandcanbe calibratedto reducedepthes-
timationerrors.Alternatively, thebeam-splittercanbeplacedin a
custom-designedchamberthatabsorbsall formsof straylight.

The projectordefocusis for mostcasesindependentof scenege-
ometry, andthis independencemakesis superiorto cameradefocus
for depthestimation.However, thereis aspecialcasethatthis inde-
pendencedoesnothold. Speci�cally, whenacloserobjectoccludes
a distantobject,therewill bea narrow bandof pointsneartheoc-
cludingcontouronthedistantobjectthat“see”only partof thepro-
jector'saperture;sotheprojectedpatternwill bemoreinfocusthan
it would beif theentireaperturewerevisible. This partialaperture
effect resultsin a haloartifact: depthestimationbiasedtowardthe
focal plane,asshown in Figure11. However, even in this special
case,projectordefocusis still betterthancameradefocus.Camera
defocuswill causeestimationerrorsfor both the foregroundand
backgroundpixelsneartheoccludingboundary. In contrast,projec-
tor defocuswill only causeerrorsat the backgroundpixels,while
leaving theforegroundpixelsunaffected.Furthermore,in practice,
becausethesolid anglesubtendedby theprojectorapertureis only
about1 degreewith respectto ascenepoint,thenumberof affected
backgroundpixels is small. Therefore,asshown in Figure11, the
haloeffect canbegreatlyreducedby asimplemedian�ltering.



In practice,usingprojectordefocusfor depthestimationdoesnot
requiremoving detectorsor changingopticalsettingsastraditional
cameradefocusmethodsdo [Pentland1987;NayarandNakagawa
1994]. Therefore,our methodcan be more conveniently imple-
mented.However, a coaxialimplementationof depthfrom camera
defocus,as in [Nayar et al. 1996], allows for capturingdynamic
scenes,which our methodcurrently is incapableof, becausewe
use24 imagesfor depthestimation. We believe this numbercan
be greatlyreduced,which would enableus to develop a real-time
sensorthat canhandledynamicscenes.In Eq. (1), therearethree
unknowns: a , b , andz. If we cancalibratethedefocuskernel f a
priori, then,in theory, 3 imagesareenoughto solve for theseun-
knowns. Interestingly, this minimumnumberis thesamefor other
shapeacquisitionmethods,like the phase-shiftmethod [Huang
et al. 2003],thetime-of-�ight method[Gonzales-BanosandDavis
2004],andphotometricstereo[Horn andBrooks1989].
Our temporal defocusmethod can deal with specularsurfaces,
whenever theBRDF's areapproximatelyconstantwithin thesolid
anglesubtendedby the projectoraperturefrom the scenepoint.
Nevertheless,theextremecaseof near-mirror re�ection, aswell as
saturatedhighlight pixels,will causeerrors.Althoughour method
is developedunderthedirectilluminationassumption,it' s not very
sensitive to the indirect illumination. This is becauseindirect illu-
minationusuallycreatesonly very low frequency intensity�uctua-
tion, which will mainly affect Fouriercoef�cient A0. Our depthis
however estimatedvia A1 andA2. Of course,for extremelyspecu-
lar re�ection, theglobalillumination canchangedramaticallywith
theprojectedpatternsandhenceourmethodwill breakdown.
Onechallengingopenproblemfor defocus-basedmethodsis han-
dling translucentobjects. A translucentmaterialintroducesaddi-
tional blur dueto subsurfacescattering,which would causea sys-
tematicbias in our methods.The amountof biasdependson the
amountof translucency blur comparedto defocusblur. If the de-
focusblur dominatesthetranslucency blur, theerrorwill besmall.
Otherwise,theerrorwill belarge. It wouldbeinterestingto extend
ouranalysisto handleblur inducedby translucency. In practice,the
depthof mixturepixelsat boundariesis oftena blendof its neigh-
boringdepthvalues.It wouldbeinterestingto accuratelymodelthe
mixturepixels,e.g.,combiningourapproachwith thedefocusmat-
ting method[McGuire et al. 2005], to estimatemattesfor scenes
with continuousdepthvariations.
Ourmethodfor defocuscompensationessentiallyextendsthedepth
of �eld of the projector. However, when the blur is very severe,
our methodcannotfully compensatefor the blur due to the lim-
ited dynamicrangeof theprojector. In sucha case,combiningour
methodwith multiple-projectorsolutions[Bimber andEmmerling
2006]couldbebene�cial. Finally, we plan to extendour work on
depixelationtomakeit apracticalandusefulprojectorfeature.How
objectionablepixelation artifactsare, is really a subjective issue.
For our techniqueto beincorporatedinto commercialprojectors,a
few presetoptionscanbeprovidedsothattheusercandecidehow
muchfocusquality they arewilling to tradeoff for depixelation.
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