Image and Depth from a Conventional Camera with a Coded Aperture

AnatLevin  RobFemgus

FredoDurand William T. Freeman

Massachusettsistituteof TechnologyComputerScienceandArti cial IntelligencelLaboratory

Figure 1: Left: Image captured usingour codedapertue. Center: Top, closeupof captuedimage. Bottom,closeupof recorered sharp
image. Right: Recwereddepthmapwith color indicatingdepthfromcamen (cm) (in this this case withoutuserintervention).

Abstract

A corventionalcamerecaptureslurredversionsof scendénforma-
tion away from the planeof focus.Camerasystemsave beenpro-
posedthat allow for recordingall-focusimages,or for extracting
depth,but to recordboth simultaneoushhasrequiredmore exten-
sive hardwareandreducedspatialresolution.We proposea simple
modi cation to a corventionalcamerathatallows for the simulta-
neousrecovery of both (a) high resolutionimageinformationand
(b) depthinformationadequatdor semi-automatiextractionof a
layereddepthrepresentatioof theimage.

Our modi cation is to inserta patternedccluderwithin the aper

ture of the camerdens, creatinga codedaperture We introducea

criterionfor depthdiscriminabilitywhich we useto designthe pre-

ferredaperturepattern.Usinga statisticaimodelof imageswe can
recover both depthinformation and an all-focus image from sin-

gle photographdaken with the modi ed cameraA layereddepth
mapis thenextracted requiringuserdrann strokesto clarify layer
assignmenté somecasesThe resultingsharpimageandlayered
depthmapcanbe combinedfor variousphotographi@pplications,
includingautomaticscenesggmentationpost-exposurerefocusing,
or re-renderingf the scenerom analternateviewpoint.

Keywords: ComputationaPhotograpi, Codedimaging, Depth
of eld, Rangeestimation)magestatistics Deblurring

1 Introduction

Traditional photograpl capturesonly a 2-dimensionaprojection
of our 3-dimensionalorld. Most modi cations to recoser depth
requiremultipleimagesor active methodswith extraapparatusuch
aslight emitters. In this work, with only minimal changefrom a
cornventionalcamerasystem,we seekto retrieve coarsedepthin-
formationtogethemwith a normalhigh resolutionRGB image.Our
solution usesa singleimagecapture,and a small modi cation to
atraditionallens— a simplepieceof cardboardsufces — together
with occasionaliserassistanceThis systemallows photographers
to captureimagesthe sameway they always have, but provides
coarsadepthinformationasabonus allowing refocusingor anex-
tendeddepthof eld) anddepth-basetmageediting.

Our approacthis an exampleof computationaphot@graphywhere
an optical elementaltersthe incident light array so that the im-
age capturedby the sensoris not the nal desiredimage but is
codedto facilitatetheextractionof information.More preciselywe
build onideasfrom codedaperturémaging[FenimoreandCannon
1978] and wavefront coding [Cathey and Dowski 1995; Dowski
and Cathg 1994] and modify the defocusproducedby a lensto
enableboththe extractionof depthinformationandtheretrieval of
astandardmage.Our contritution contrastaith otherapproaches
in this regard - they recover eitherthe imageor the depthbut not
bothfrom a singleimage. The principle of our approachs to con-
trol the effect of defocussothatwe canboth estimatethe amount
of defocuseasily— andhenceinfer distancanformation— while at
the sametime makingit possibleto compensatéor at leastpartof
thedefocusto createartifact-freeimages.

Principle  To understandhow we cancontrolandexploit defocus,
considerFigure2 whichillustratesasimpli ed thin lensmodelthat
mapslight raysfrom the sceneonto the sensor Whenan objectis
placedatthefocusdistanceD, all theraysfrom a pointin thescene
will corverge to a single sensorpoint and the outputimage will
appearsharp.Raysfrom anobjectat a distanceDy, away from the
focusdistanceland on multiple sensopointsresultingin ablurred
image.Thepatternof thisblur is givenby theaperturecrosssection
of thelensandis oftencalleda circle of confusion.The amountof
defocus,characterizedby the blur radius,dependsn the distance
of theobjectfrom thefocusplane.
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Figure 2: A 2D thin lensmodel. At the planeof focus,a distance
D fromthelens,light rays(shownin green)emanatingroma point

are focusedo a pointonthe camen sensorRaysfroma pointat a

distanceDy (shownin red)nolonger mapto a pointbut ratherto a

region of the sensorknownasthe circle of confusion.Thepattern
within this circle is determinedy the apertuie shape

For a simple planarobjectat distanceDy, theimagingprocessan
bemodeledasa corvolution:

y= fk x 1)

wherey is the obsened image,x is the true sharpimageandthe
blur lter fy is a scaledversionof the apertureshape(potentially
corvolvedwith the diffraction pattern).Figure3(a) shavs the pat-
tern of blur from a conventionallens, the pentagonablisk shape
being formed by the intersectingdiaphragmblades. The defocus
from suchaperturedoesprovide depthcues,e.g. [Pentland1987],
but they arechallengingo exploit becausé is dif cult to precisely
estimatethe amountof blur andit requiresmultiple images.

In this paperwe explore what happensf patternsare deliberately
introducednto theapertureasillustratedin Figure3(b). As before,
the capturedmagewill still be blurredasa function of depthwith
the blur beinga scaledversionof the apertureshapebut the aper
ture lter canbedesignedo discriminatebetweerdifferentdepths.

Revisiting the imageformationEqn. 1 andassuminghe aperture
shapds known and x ed,only asingleunknovn parameterelates
theblurredimagey to its sharpversionx — the scaleof theblur |-
ter. However in realsceneshedepthis rarely constanthroughout.
Insteadthe scaleof the blur in theimagey, while locally constant,
will vary over its extent. So the challengeis to recover not just a
singleblur scalebut a mapof it overtheimage.If this canbereli-
ably recoveredit would have greatpracticalutility. First,thedepth
of the scenecanbedirectly computed.Secondwe candecodethe
capturedimagey. Thatis, invert fy andso recover a fully sharp
imagex. Henceour approactpromisegherecovery of bothadepth
mapandasharpimagefrom thesingleblurry imagey. In thispaper
we explore how the scalemap of the blur may be recoreredfrom
the capturedimagey, designingaperture lters which are highly
sensitve to depthvariations.

The above discussioronly takesinto accountgeometricoptics. A
more comprehensk treatmentmustinclude wave effects, andin
particulardiffraction. The diffraction causedby an apertureis the
Fourier power spectrumof its crosssection. This meansthat the
defocusblurring kernelis the corvolution of the scaledaperture
shapewith its own power spectrum.For objectsin focus, diffrac-
tion dominatesput for defocusedareasthe shapeof the aperture
is mostimportant. Thus,the analysisof defocususuallyrelieson
geometricoptics. While our theoreticalderivationis basedn geo-
metric optics,in practicewe accountfor diffraction by calibrating
theblur kernelfrom realdata.

1.1 Related work

Depthestimatiorusingopticalmethodss anactive areaof research
which canbedividedinto two mainapproachesactive andpassie.

(a) Conventional (b) Coded

Figure 3: Left: Top, a standad Canon50mmf=1:8 lenswith the
apertue partially closed. Bottom,the resultingblur pattern. The
intersectingapertue bladesgive the pentagyonal shape while the
smallripples are dueto diffraction. Right: Top, the samemodel
of lensbut with our lter insertedinto the apertue. Bottom,the
resultingblur pattern, which allows recovery of both image and
depth.

Active methodsncludelaserscanningAx elsson1999]andstruc-
tured light methods[Nayar et al. 1995; Zhangand Nayar 2006].
While theseapproachesanproducehigh quality depthestimates,
they involve additionalillumination sources. In contrast,passie
approachesim to capturethe world without suchadditionalin-
tenvention, the 3D informationbeingrecoveredby the analysisof
changesn viewpointor focus.

Multiple viewpoints may be obtainedby capturingmultiple im-
ages,asin stereo[Scharsteinand Szeliski2002]. Multiple view-
points can also be collectedin a single image using a plenoptic
camergAdelsonandWang 1992; Ng et al. 2005; Geogiev et al.
2006; Levoy et al. 2006] but at the price of a signi cant lossin
the spatialresolutionof the image. The secondclassof passie
depthacquisitiontechniquesare depthfrom focusanddepthfrom
defocugechnique$Pentlandl987;Grossmani987;Hasinof and
Kutulakos 2006; Favaro et al. 2003; Chaudhuriand Rajagopalan
1999], which involve capturingmultiple imagesof theworld from
a singleviewpoint usingmultiple focussettings.Depthis inferred
from theanalysisof changesn defocus.Someapproacheto depth
from defocusalso make usageof optical masksto improve depth
discrimination[Hiura and Matsuyamal998; Farid and Simoncelli
1998; Greengurd et al. 2006], althoughtheseapproachestill re-
quiremultiple images.Many of thesedepthfrom defocusmethods
have only beentestedon highly texturedimages,unlike the con-
ventionalreal photographsonsideredn this paper Additionally,
mary of thesemethodshave dif culty in accurateljocatingocclu-
sionboundaries.

While depthacquisitiontechniquesutilizing multiple imagescan
potentiallyproducebetterdepthestimateshanour approachthey



are complicatedby the needto capturemultiple images,making
them impracticalin most personalphotograpl settings. In this
work our goal is to infer depthand animagefrom a single shot,
without additional user requirementsand without loss of image
quality. Therehave beensomeprevious attemptsto use optical
masksto recover depthfrom a singleimage,but noneof theseap-
proacheslemonstratethereconstructiomf ahighqualityimageas
well. Dowski and Cathe/ [1994] usea phaseplatedesignedo be
highly sensitve to depthvariationsbut theimagecannotbe recor-
ered. Otherapproache$ike [Lai etal. 1992] demonstrateesults
only onsyntheticharimagesand [JonesandLamb1993]presents
only 1D plotsof imagerows.

Thegoalof the methodsdescribedabove is to producea depthim-
age.Anotherapproachrelatedto the othergoalof our systemjs to
createanall-focusimage,independentf depth.Wavefrontcoding
[Cathey andDowski 1995],deliberatelydefocuseshelight raysus-
ing phaseplatessothatthedefocuss the sameat all depthswhich
thenallows a single decorvolution to outputan imagewith large
depthof focus,but without allowing the simultaneougstimateof
depth.

Codedaperturemethodshave beenemployed previously, notably
in astronomyand medicalimagingfor X or gammaraysasa way
of collectingmorelight, becausdraditionallensescannotbe used
atthesewavelengthsln mostof thesecasesall incominglight rays
areparallelandhenceblur scaleestimationis not anissue,asthe
blur obtainedis uniform over the image. Theseinclude general-
izationsof the pinholecamerecalledcodedaperturémaging[Fen-
imore and Cannon1978]. Similarly, Raskaret al [2006] applied
codedexposurein thetemporaldomainfor motiondeblurring.

Our methodexploits a statisticalcharacterizatioof imagesto nd
the combinationof depth-dependertiiur andunblurredimagethat
bestexplainstheobseredimage.Thisis closelyrelatedto theblind
decorvolution problem[KundurandHatzinalos 1996]. Despitere-
centprogressn blind decowolution usingmachinelearningtech-
niques,the problemis still highly challenging.Recentapproaches
assumehe entireimageis blurreduniformly [Ferguset al. 2006].
In [Levin 2006] the uniform blur assumptiorwas someavhat re-
laxed, but restrictingthe discussiorto a smallfamily of 1D blurs.

1.2 Overview

The structureof the paperis asfollows: Section2 explainsthe de-
sign procesdor the coded lter and stratgiesfor identifying the
correctblur scale.In Section3 we detail how the obsenedimage
may be deblurredto give a sharpimage. Section4 thenexplains
how a depthmapfor the imagecanbe recorered. We presentour
experimentakesultsin Section5, shaving a calibratedenscaptur
ing realscenesFinally, we discusghe limitations of our approach
andpossibleextensions.

Throughoutthe paperwe will uselower casesymbolsto denote
spatialdomainsignalswith uppercasecorrespondingo their fre-
gueny domainrepresentationsAlso, for a Iter f, we de ne Cs

to bethecorrespondingorvolution matrix (i.e.C¢x  f  X). Simi-
larly, Ce will denoteacorvolutionin thefrequeny domain(in this
caseadiagonalmatrix).

2 Aperture Filter Design

Thetwo key requirementsor anaperturelter are: (i) it is possible
to reliably discriminatebetweerthe blursthatresultfrom different
scalingsof the Iter and(ii) the Iter canbeeasilyinvertedsothat
thesharpmagemayberecorered.Giventhehugespaceof possible
Iters, selectingthe optimal Iter underthesetwo criteria is not
a straightforvard task. Before formally presentingour statistical

approachit will beusefulto considera simpleexampleto build an
intuition aboutthe problem.
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Figure 4: A simple 1D exampleillustrating how the structue of
zeosin the frequencydomainshiftsasa toy Iter is scaledin the
spatialdomain.

Figure4 shovs a 1D coded lter at 3 differentscalesalongwith
the correspondindrourier transforms. The ideais to considerthe
structureof frequenciest which the Fouriertransformof the Iter

is zero[Premaratneand Ko 1999]. For example,the lter f; (at
scalel) hasazeroat wy. Thismeanghatif theimagey wasindeed
blurredby f; thenY(wy) = 0. Hencethe zerosfrequenciesn the
obsenredimagecanrevealthescaleof the Iter andhencéts depth.

Thisamgumentcanalsobemadein thespatialdomain.If Y(wy) = 0

it meanghaty cannolongerbeanarbitraryN dimensionalector
(N beingthenumberof imagepixels)astherearelinearconstraints
it mustsatisfy As the Iter is scaledthe locationof the zerofre-

quenciesshifts (e.g.moving from scalel to 2, the rst zeromaoves
from wy to we, seeFigure4). Henceeachdifferentscalede nes

a differentlinear subspaceof possibleblurry images. Given an

N dimensionainput image,identifying the scaleby which it was
blurred (andthusidentifying the objectdepth)reducedo identify-

ing thesubspacén whichit lies.

While in theory identifying the zero frequenciesor equivalently
nding thecorrectsubspacsoundsstraightforvard,in practicethe

situationis more comple. First, noisein the imaging process
meansthat no frequeng will be exactly zeroed(thusthe imagey

will not exactly lie on ary subspace)Secondzerofrequenciesn

theobsenedimagey mayjustresultfrom a zerofrequeng content
in the original imagesignalx. This pointis especiallyimportant
sincein orderto accounffor depthvariations,onewould like to be

ableto make decisiondasedn smalllocalimagewindows. These
issuessuggesthatsomeaperturelters arebetterthanothers.For

example, lters with zerosatlow frequenciesarelikely to be more
robust to noisethanthosewith zerosat high frequenciessincea

typicalimagehasmostof its enegy atlow frequenciesAlso, if w;

is a zerofrequeng of f;, we wantthe lter at otherscalesf;; f3

etc. to have signi cant frequeng contentat wy, sothatwe do not

confusethefrequeng responses.

Note that while a distinct patternof zerosat eachscalemalesthe
depthidenti cation easyit makesinvertingthe Iter hardsincethe
deblurringprocedurewill be very sensitve to noiseat thesefre-
quencies.To be ableto retrieve depthinformationwe mustsacri-
ce someof theimagecontent.However, if only amodestnumber
of frequenciess sacri ced, the usageof imagepriors canreduce
thenoisesensitvity makingit possibleto reliably deblurkernelsof
moderatesize( 15 pixels). In this work, we mainly concentrate
on optimizingthe depthdiscriminationof the Iter. Thisis the op-
positefocusof previouswork suchas[Raskaretal. 2006]wherethe
codedlters weredesignedo haveavery at spectrumeliminating
zerosto make thedeblurringaseasyaspossible.

To guidethe designof the aperturelter , we introducea statistical



modelof realworld images.Usingthis modelwe cancomputethe
statisticsof imagesblurredby a speci c lter kernel. The model
leadsto a principledcriterionfor measuringhe scaleselectvity of
a Iter whichwe useaspartof arandomsearctoverpossiblelters
to pick agoodone.

2.1 Statistical Model of Images

Realworld imageshave statisticsquite differentfrom randomma-
tricesof white noise.Onewell known statisticalpropertyof images
is that they have a sparsederivative distribution [Olshauserand
Field 1996]. We imposethis constraintduring imagereconstruc-
tion. However, in the Iter designstageto make our optimization
tractablewe assumehatthe distribution is Gaussiarinsteadof the
corventionalheary-tailed density Thatis, our prior assumeshe
derivativesin theunobsered sharpimagex follow a Gaussiardis-
tribution with zeromean.

PO p Oe 2a(CD xi+L2+(x) x@i+1)?) = NoyY) (2)
!

wherei; j arethepixel indices.Y *= a(CgCq, + Cj Cqg,), where
Cy,; Cy, arethecorvolutionmatricescorrespondingo thederivative
lters gx = [1 -1] andgy = [1 -1J7. Finally, thescalara is setso
the varianceof the distribution matcheghe varianceof derivatives
in naturalimages(a = 250 in our implementation). This image
priorimpliesthatthesignalx is smoothandits derivativesareoften
closeto zero. The above prior canalso be expressedn the fre-
gueny domainand,sincederivativesarecorvolutions,the prior is
diagonalin thefrequeng domain(if boundaryeffectsareignored):

PX)pe 23X X whereY 1= a diag(jGx(n; w)j?+ jGy(n; w)j?)
®3)

wheren; w arecoordinatesn thefrequeng domain.We obsene a
noisyblurredimagewhich,assumingonstanscenedepth,is mod-
eledasy = fx x+ n. Thenoisein neighboringpixelsis assumed
to beindependentfollowing a Gaussiammodeln  N(0; h2l) (h =
0:005in our implementation) We denoteP(y) asthe distribution
of obsered signalsundera blur fy (thatis, the distribution of im-
agescomingfrom objectsat depthDy). Theblur fy linearly trans-
formsthedistribution of sharpimagesfrom Eqn. 2, sothatP(y) is
alsoa Gaussiah: R(y) NO;Sy). The covariancematrix Sy is a
transformed/ersmnof the rlq_r ﬁgggnanceplusnmse
Sk—CfYCf+h| YC + h?l 4
transform
wheretransforminginto the frequengy domainmalkesthe prior di-
agonaf. In the diagonalversion,the distribution of the blurry im-
agein the Fourierdomainbecomes:

A 1 ep( ZE(Y) = el 3 & IY(mw)iP=s(nw) (5)

nw
wheres (n; w) arethediagonalentriesof Sy:

s (mw) = jJR(m wW)i*(ajGx(n; w)j*+ ajGy(n;w)j?) *+ h? (6)
Eqn. 6 represents soft versionof the zerofrequenciedestmen-
tionedabove. If the lter fx hasa zeroat frequeng (n;w) then
s (n;w) = h?, typically averysmallnumber Thus,if thefrequeng
contentof theobsenredsignalY (n; w) is signi cantly biggerthanO,
theprobabilityof Y comingfrom thedistribution B is very low. In
otherwords,if we nd frequeng contentwherethe lter hasazero,
it is unlikely thatwe have thecorrectscaleof blur. We alsonotethat
the covarianceat eachfrequeng dependsot only on F(n; w) but
alsoonour prior distribution, thusgiving asmallen/ve|ghtto higher

||€gl%|§| $€§V IC(E enele%acun onin na ural
areranaonmvaria ESI’IHL near ransto rn%?orwnhx Gaus-

sianandY = AX, thenCov(Y) = ACov(X)AT.

2Thisfollows from (i) the Fouriertransformof a corvolution matrixis a
diagonaimatrixand(ii) all thematricesmakingup Sy areeitherdiagonalor
cornvolution matrices.
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Figure 5: A theoretical and practical comparisonof corventional
and codedapertuesusingthe criterion of Eqn.8. Ontheleft side

of the graph we plot the theometical performance(KL distance—

larger is better)for a corventionalapertue (red),randomsymmet-
ric coded lter s (greenerror bar) and randomasymmetriccoded
Iter s (blue error bar). On the right side of the graph we show
the performanceof the actual Iter s obtainedin calibration, both

of a corventionallensand a codedlens (seeFigure 9). Whilethe

performanceof the actual lter sis lower thanthe theoetical pre-

diction (probablydueto high frequenciedeinglostin theimaging

process)thecoded lIter still performsbetterthanthe conventional
apertuee.

2.2 Filter Selection Criterion

The proposedmodel givesthe likelihood of a blurry input image
y for a lter f atascalek. We now shav how this may be used
to measurehe robustnes®f a particularaperturelter atidentify-
ing thetrueblur scale.Intuitively, if theblurry imagedistributions
R, (y) andR(y) at depthsk; andk; aresimilar it will be hardto
tell the depthsapart. A classicalmeasureof the distancebetween
distributionsis the Kullback-Leibler(KL) divergence:
Zz

DkL(Rq (Y); Be (V) = yH@(y)(logH@(y) logR, () dy (7)
A lter thatmaximizeghisdistancewill haveatypicalblurryimage
at depthk; with a high likelihood undermodel B (y) but a low
likelihoodunderthemodelR, (y) for depthk,. Usingthefrequeng
domainrepresentationf ourmodel(EqnsS& 6)in Eqn.7,theKL
divergencereducegupto aconstant)o 3

Sk, (M w)
Sk, (M w)

Sk, (M w)
Sk, (W)

DkL(RqiPo) = & (8)

nw

Eqgn.8impliesthatthedistancebetweerthedistributionsof two dif-
ferentscaleswill belargewhentheratio of their expectedfrequen-
ciesis high. This ratio may be maximizedby having frequencies
n;w for which F,(n; w) = 0 andF (n;w) is large. This re ects
the intuitions discussecearlier thatthe zerosof the lter areuse-
ful for discriminatingbetweendifferentscales. For a zeroin one
scaleto beparticularlydiscriminatve, otherscaleshouldmaintain
signi cant signalcontentin the samefrequeng. Also, thefactthat
sk(n; w) weightsthe Iter frequeng contentby the image prior
(seeEqgn.6), indicatesthat zerosare morediscriminatve in lower
frequenciesin which the originalimageis expectedo have signif-
icantcontent.

2.3 Filter Search

Having introduceda principled criterion for evaluatinga particu-
lar lter, we addresshe problemof searchindor the optimal Iter

3Sincethe probabilitiesare Gaussianstheir log is quadraticandhence
theaveragedog is thevariance.
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Figure 6: The Fourier transformsof a 1D slide throughthe blur
patternfromcornventionalandcodedlensesat 3 differentscales

shape. When selectinga Iter, a numberof practicalconstraints
shouldto be takeninto account. First, the Iter shouldbe binary

sincenon-binary lters are hardto constructaccurately Second,
we shouldbe ableto cut the Iter from a single pieceof material,
without having oating particlesin the center Third, to avoid ex-

cessve radialdistortion(asexplainedin section5), we avoid using
the full aperture.Finally, diffractionimposesa minimum sizeon

theholesin the Iter.

Balancingtheseconsiderationsywe con ned our searchto binary
13 13 patternswith 1mn? holes. We randomlysampleda large
numberof 13 13patternsFor eachpattern 8 differentscalesvere
consideredyaryingbetweerb and15 pixelsin width. Therandom
patternwas scoredaccordingto the minimum KL-divergencebe-
tweenthedistributionsof ary two scales.

Figure 5 plots KL-divergencescoresfor the randomly generated
Iters, distinguishingbetweentwo classesof patterns— symmet-
ric andasymmetric.Our obsenation wasthat symmetricpatterns
producehigherKL-divergencescorescomparedo asymmetrigat-
terns. Examiningthe frequeny structureof asymmetriclters we
obsenedthat such Iters have few zerofrequencies.By contrast,
symmetric lters tendto producearicherzerosstructure. Thesym-
metricpatternwith thebestscoreis shavn in Figure3(b). For com-
parisonwe alsoplottedthe KL-divergencescorefor a corventional
aperture Also plottedin Figure5 aretheKL scoredor actual lters
obtainedby calibratinga codedaperturelens and a corventional
lens.

In Figure6 we plot a 1D slicesof the Fouriertransformof boththe
bestperformingpatternanda corventionalapertureat threediffer-
entscales.In the caseof the codedpatterneachscalehasa quite
differentfrequeny responsein particulartheir zerosoccurat dis-
tinct frequenciesOn the otherhand,for the corventionalaperture
the zerosin differentscalesoverlapheavily, makingit hardto dis-
tinguishbetweerthem.

3 Deblurring

Having identi ed the correctblur scaleof an obsered imagey,
the next objective is to remove the blur, reconstructinghe original
sharpimagex. This taskis known asdeblurringor decorwvolution
Underour probabilisticmodel

ROGY) b exp( (75IChx  ¥i%+ aiCi?+ ajCg %) (9)

Thedeblurringproblemcanthusbe posedas nding themaximum
likelihoodexplanationfor y, x = argmaxP(xjy). For a Gaussian
distribution, this reducego aleastsquare®ptimizationproblem

x = argmin.jCr,x ¥iZ+ ajCg %%+ ajCy X% (10)

By minimizing Eqn. 10 we searchfor the x minimizing the re-
constructionerror jCs, X yj2, with the prior preferringx to be as
smoothaspossible.

We notethattheoptimalsolutionto Eqn.10canbefoundby solving
asparsesetof linearequationsAx= b for
_ 17 T T _ 1

A= ﬁkaka +aCyCq +aCyCy b= ﬁcfky (11)
Eqgn. 11 canbe solved in the frequeny domainin a few seconds
for megapixel sizedimage. While this approachdoes produce
wrap-aroundartifactsalong the image boundariestheseare usu-
ally unimportanin largeimages.

Deblurringwith aGaussiamrior onimagederivativesis simpleand
efcient, but tendsto over-smooththe result. To producesharper
decodedmages,a strongematuralimageprior is required,anda
sparselerivativesprior wasused.Thus,to solve for x we minimize

iCrx Yitari) x(i+ L)+ i) xij+ 1) (12)
ij

wherer is a heary-tailed function, in our implementatiorr (2) =
jZ%8.  While a Gaussianprior prefersto distribute derivatives
equally over theimage,a sparseprior optsto concentrataleriva-
tivesata smallnumberof pixels,leaving themajority of imagepix-
elsconstant.This producesharperdgesreducesoiseandhelps
to remove unwantedimageartifactssuchasringing. The dravback
of a sparseprior is that the optimization problemis no longera
simpleleastsquare®ne,andcannotbe minimizedin closedform
(in fact, the optimizationis no longercorvex). To optimizethis,
we useaniterative reveightedeastsquareprocess.g.[Levin and
WeissTo appear]which posesthe optimizationas a sequencef
leastsquaregproblemswhile the weight of eachderative is up-
datedbasedon the previous iteration solution. The re-weighting
meansthat Eqn. 11 cannotbe solved in the frequeng domain,so
we are forcedto work in the spatialdomainusing the Conjugate
Gradientalgorithme.g.[Barrettetal. 1994]. Thebottleneckin each
iterationof this algorithmis themultiplicationof eachresidualec-
tor by the matrix A. Luckily the form of A (Eqn. 11) enableshis
to be performedef ciently asa concatenatiorof convolution op-
erations. However, this procedurestill takes aroundl houron a
2:4GhzCPUfor a 2 megapixel image. Our sparseleblurringcode
is availableon the projectwebpage http://groups.csail.
mit.edu/graphics/CodedAperture

Figure 7 demonstratethe differencebetweenthe reconstructions
obtainedwith a Gaussiamprior anda sparseprior. While thesparse
prior producesa sharpeimage,bothapproacheproducebetterre-
sultsthantheclassicaRichardson-Lug decowolution scheme.

3.1 Blur Scale Identi cation

Theprobabilitymodelintroducedn Section2.1allows usto detect
thecorrectblur scalewithin anobseredimagewindow y. Thecor
rectscaleshould,in theory be given by the modelsuggestinghe
mostlikely explanation:k = argmax P(y). However, a variety
of practicalissuessuchasthe high-frequeng noisein the Iter es-
timatesmeanthatthis provedto beunreliable.A morerobustalter
nativeis to usetheunnormalizedenegy termEy(y) = y' Sy Ly from
the model,in conjunctionwith a setof weightingsfor eachscale:
k = argmirn, I (kEx(y). Theweights!  werelearntto minimizethe
scalemisclassi cationerror on a setof training imageshaving a
known depthpro le. Sinceevaluatingy'S lyis very slow, we ap-
proximatethe enegy term by the reconstructiorerror achiezed by
theML solution:

1. .

Y'Sy  15iCrx WP (13)

wherex is thedeblurredmage,obtainedby solvingEqgn.11.

4 Handling Depth Variations

If the capturedimagewere lled by a planarobjectat a constant
distancefrom the camerathe blur kernelwould be uniform over



(a) Capturedmage (b) Richardson-Lug

(c) Gaussiarprior (d) Sparsityprior

Figure 7: Comparisorof deblurringalgorithmsappliedto anim-
age captured usingour codedapertue. Notetheringing artifacts
in theRichardson-Lucyutput. Thesparsity prior outputshowdess
noisethanthe othertwo approades.

theimage. In this case recovering the sharpimagewould involve
the estimationof a singleblur scalefor the entireimage.However,

interestingealworld scenesncludedepthvariationsandsoasepa-
rateblur scaleshouldbeinferredfor everyimagepixel. A practical
compromisas to usesmalllocal windows, within which the depth
is assumedo be constant.However, if the windows aresmallthe
depthclassi cation may be unreliable,particularlywhenthe win-

dow containslittle texture. This issueis commonto mostpassie

illumination depthreconstructioralgorithms.

We startby deblurringthe entireimagewith eachof the scaledker-
nels(accordingto Eqn. 10), providing K possibledecodedmages
X1;:;Xk. For eachscale,thereconstructiorerroreg =y f X
is computed. A decodedmagexy will usually provide a smooth
plausiblereconstructiorfor partsof the imagewherek is the true
scale. Thereconstructionn otherareaswhosedepthsdiffer from
k, will containseriousringing artifactssincethoseareascannotbe
plausiblyexplainedby thek!" scale(seeFiguresl1& 12 for exam-
plesof suchartifacts).Theseartifactsensurehatthereconstruction
errorfor suchareaswill behigh. UsingEqn.13we computealocal
approximatiorfor the enegy Ex(y(i)) aroundtheith imagepixel,
by averagingthereconstructiorerrorover a smalllocal window:
Ey() & ali)? (14)
j2W
The local enegy estimateis thenusedto locally selectthe depth
d(i) in theith pixel

d(i) = argmin / kEx(y(1)) (15)

A local depthmapis shavn in Figure 8(b). While this local ap-
proach capturesa surprisingamountof information, it is quite
noisy, especiallyfor uniform texture-lessregions. In orderto pro-
ducea visually plausibledecowolved image,the local depthmap
is often sufcient, sincethe texture-lessregionswill not produce
ringingwhendecowolvedwith thewrongscaleof lter. Hencewe
canproducea high quality sharpimageby picking eachpixel in-

dependentlyrom thelayerwith smallesteconstructiorerror. That
is, we constructhedeblurredmageasx(i) = xq(;) (i), usingthelo-

caldepthestimatesl(i) de nedin Eqn.15. Examplesof deblurred
imagesareshavn in Figure10.

However, to producea depthestimatewhich could be useful for
taskslik e objectextractionand scenere-renderingthe depthmap

hasto be smoothed We seeka regularizeddepthlabelingd which

will be closeto the local estimatein Eqn. 15, but will also be
smooth. Additionally, we preferthe depthdiscontinuitiesto align

with the imageedges. We formulatethis asan enegy minimiza-
tion, usinga Markov random eld over theimage,in the manner
of classicsterecandimageseggmentatiorapproachegée.g.[Boykov

etal. 2001])

E(d) = & Ex(d) + nQ Ex(di:d)) (16)
i i;j

wherethelocal enegy termis setto

R
| |

Thereis alsoa pairwiseenepgy term betweenneighboringpixels
makingdepthdiscontinuitiexcheapewhenthey align with theim-
ageedges:
T — 0 d = d;

Ea(di;dj) = e 0 yj)?=s? d 6 d_}
We then searchfor the minimal enegy labeling as a min-cut in
a graph. The resultingsmootheddepthmapis presentedn Fig-
ure 8(c). Occasionallythe depthlabeling missesthe exact layer
boundarieslueto insufcient imagecontrast.To correctthis,auser
canapply brushstrokesto the imagewith the requireddepthas-
signment.Thestrokesaretreatedashardconstraintsn the Markov
random eld andresultin animproved depthmap,asillustratedin
Figure8(d).

(a) Capturedmage(plususerscribbles) (b) Rav depthmap

235 235

(c) Graphcuts (d) After usercorrection

Figure 8: Ragularizingdepthestimation

5 Results

We rst detailthe physical constructiomandcalibrationof our cho-

senaperturepattern. Thenwe shav a variety of real scenesye-

covering boththe depthmapandfully sharpimage. As a baseline
experimentwe thencompargheperformancesf corventionaland
codedaperturesysingthesamedeblurringanddepthestimatioral-

gorithms.Finally, we shav someapplicationgnadepossibleby the

additionaldepthinformationfor eachimage suchasrefocusingand
scenae-rendering.

5.1 Calibration

Thebestperforming Iter underthecriterionof Eqn.8 wascutfrom
graycardandinsertednto anoff-the-shelfCanon50mmf=1:8lens
(shavnin Figure3(b)mountecdbnaCanon20DDSLR.To calibrate



thelensthefocuswaslockedatD = 2mandthecameravasmoved
backuntil Dy = 3min 10cmincrementsAt eachintenal, a planar
patternof randomcurveswascaptured. After aligningthefocused
calibrationimagewith eachof the blurry versionsthe blur kernel
was deducedn a least-squarefashion,using a small amountof

regularizationto constrainthe high-frequenciesvithin the kernel.
WhenDy is closeto D theblur is very small (< 4 pixels) making
depthdiscriminationimpossibledueto lack of structurein theblur,

althoughthe imageremainsrelatively sharp. For our setup,this

“dead-zone’extendsup to 35cmfrom thefocal plane.

Since the lens doesnot perfectly obey the thin lens model, the
kernelvariesslightly acrossthe image, the distortion being more
pronouncedn the horizontalplane. Consequentlykernelswere
inferred at 7 differenthorizontallocationswithin the image. The
computedkernelsat anumberof depthsareshovn in Figure9. To
enableadirectcomparisorbetweera corventionalandcodedaper
tures,we alsocalibratedanunmodi ed Canon50mm f=1:8 lensin
thesamefashion.

35cm 45cm 55cm 65cm Left - 106 an

75cm 85cm 95cm 105cm Right - 105cm

Figure 9: Left: Calibratedkernelsat a variety of depthsfromthe
focusplane All are taken from the centerof the frame Right:
Kernelsfromthe far left andright of the frameat 1.05mfrom the
focal place showingsigni cant radial distortion.

5.2 Test Scenes

To evaluateour systemwe capturea numberof 2 megapixel im-
agesof sceneswhosedepthvariesover the samerangeusedin
calibration (between2 and 3:05m from the camera). All the re-
coveredimages,unlessotherwiseindicated,utilized a sparseprior
in deblurring. Owing to the high resolutionof mary of theresults,
we includefull-sizedversionsn the supplementarynaterialon the
projectwebpage.

Thetablesceneshavn in Figure 1 containsobjectsspreadat a va-
riety of depths.The close-upsshov the successfutemoval of the
codedblur from the bottleson the right side of scene.The depth
map (obtainedwithout userassistancegives a fairly accuratere-
constructiorof distancefrom the camera For example thecentral
two beerbottlesareplacedonly 5 10cmin front of theperipheral
two, yetdepthmapstill captureghis difference.

Figure10 shavs two womensitting on asofa. Thedepthmap(pro-
ducedwithout manualstroke hints) revealsthatoneis sitting back
while the otheris sitting forward. The tilted poseof the woman
ontheright resultsin the depthmapsplitting acrossherbody The
deptherrorsin the backgroundbn the left aredueto specularities
which, asidefrom being saturatedpriginatefrom a differentdis-
tanceto the restof the scene.The armsof the womanon the left
have beenmemged into the backgrounddueto lack of distinctive
high-frequeng textureonthem.

Notethattherecovery of theall-focusimagedirectly usesthelocal
depthmaps(asin Figure8(b)) without regularizationandwithout
usercorrections Any ambiguitiesn thelocal depthmapmeanthat
thatmorethanoneblur scalegivesaringing freeexplanation(thisis

especiallytruefor uniformimageareas) Hencesucherrorsin depth
estimationwill not resultin visual artifacts. However, regularized
depthmapswereusedfor refocusingandnovel view synthesis.

All-focus image
—200

1235
1245
1255
1265
1275
1285

1295

—'305
Depthmap

Capturedmageclose-up All-focus imageclose-up
Figure 10: Therecorered sharpimage of a sofascenewith two
womenand associatediepthmap. The close-upimagesshowthe
extendeddepthof focusoffered by our method.

5.3 Comparison with a Conventional Aperture

To assesshe importanceof the codedaperturein our system,in
Figure12we make a practicalcomparisorbetweercodedandcon-
ventional apertures. The samescenewas capturedwith conven-
tionalandcodedlensesandanall-focusimagerecoreredusingthe
appropriatesetof Iters obtainedn calibration.Thecodedaperture
resultis mostly sharpwhereashe corventionallensresultshavs
signi cant artifactsin the foregroundwherethe depthestimateis
drasticallywrong.

We alsoperformedaquantitatve comparisorbetweerthetwo aper
ture typesusingimagesof planarscenef known depth,giving a
evaluationof the robustnesf our entire system.Whenconsider
ing local evidencealone, the codedapertureaccuratelyclassi ed
thedepthin 80% of theimageswhile the corventionalapertureac-
curatelyclassi ed the depthonly 40% of the time. Theseresults



largerscale correctscale smallerscale

Figure 11: Deblurring with varying blur scale Top: codedaper
ture, Bottom: corventionalapertuse.

validatethe theoreticalpredictionfrom Figure 5 andjusti es the
useof acodedapertureoveranunmodi ed lens.

To furtherillustratethe difference Figure 11 presentsmagewin-

dows capturedusing cornventionaland codedlenses. Thosewin-

dows were deblurredwith the correctblur scale,too large a scale
andtoo smalla scale.With a codedlensshifting the scalein both
directionsgeneratesinging, however with a corventionalkernel
ringing occursonly in onedirection. It shouldbe notedthatringing

indicatesthatthe obseredimagecannot be well explainedby the
proposedkernel. Thuswith a corventionallensa smallerscaleis

alsoa legal explanation,leaving a larger uncertaintyon the depth
estimation. A codedlens, on the otherhand, is betterin nailing

down thecorrectscale.

5.4 Applications

In Figure 13 we shov how an all-focus image can be syntheti-
cally refocusedto selectvely pick out ary of the individuals, in
the style of Ng et al [2005]. The depthinformation can also be
usedto translatehecamerdocationpost-capturén arealisticman-
ner, shifting eachdepthplaneaccordingto its distancefrom the
camera. The new partsof the scenerevealedby the motion are
in-paintedfrom neighboringregions using Photoshos “Healing
Brush” tool. A video demonstratingyiewpoint translationaswell
as additional refocusingresultscan be found in the supplemen-
tary le andontheprojectwebpagéhttp://groups.csail.
mit.edu/graphics/CodedAperture ).

6 Discussion

In this work we have shavn how a simplemodi cation of a con-
ventionallens— the insertionof a patternedisc of cardboardnto
the aperture- permitsthe recovery of both anall-focusimageand
depthfrom a singleimage. The patternproducesa characteristic
distribution of imagefrequencieghatis very sensite to the exact
scaleof defocusblur.

Like mostclassicaktereovision algorithms the approachrelieson
the presencef a sufcient amountof texturein the scene . Rolust
segmentationof depthlayersrequiresdistinctive color boundaries
betweenocclusionedges.In the absencef those,userassistance
mayberequired.

While the ability to refocuspost-eposuremay lessenthe needto

vary the aperturesizeto control the depthof eld, differentaper

ture areascould be obtainedusinga x ed setof differentaperture
patterns. The insertionof the lIter into the lensalsoreduceshe
amountof light thatreacheshe sensor For the lter usedin our

experiments,around50% of the light is blocked (i.e. one stop of

exposure).We amguethatthis is anacceptabldoss,giventhe extra

depthinformationthatis obtainable.

Codedaperture

Corventionalaperture

Figure 12: Showingthe needfor a codedapertue. Recoeredim-
agesusingour codedapertue andtheresultof thesamecalibration
andprocessingtepsappliedto a corventionalapertueimage. The
unreliable depthestimateof the conventionalaperture image lead
to ringing artifactsin thedeblurredimage.

Our approachrequiresan exact calibrationof the blur Iter over
depthvalues. Currently we have only calibratedour lter for a
x ed focus settingover a relatively narrav rangeof depthvalues
(2 3mfromthecamera)At extremedefocusvaluestheblur can-
not be robustly inverted. A more generalimplementatiorwill re-
quirecalibrationoverarangeof focussettingsandstoringthefocus
settingwith eachexposure(a capabilityof mary existing cameras).
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