Removing Camera Shake from a Single Photograph
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Figurel: Left Animagespoiledby camerashale. Middle: resultfrom Photoshogunsharpmask”. Right resultfrom our algorithm.

Abstract

Camerashale during exposureleadsto objectionableimageblur
and ruins mary photographsCorventional blind decorolution
methodgypically assumédrequeng-domainconstraintonimages,
or overly simpli ed parametricforms for the motion path during
camerashale. Realcameramotionscanfollow convoluted paths,
anda spatialdomainprior canbettermaintainvisually salientim-
agecharacteristicsWe introducea methodto remove the effectsof
camerashale from seriouslyblurredimages.The methodassumes
auniform camerablur over theimageandnegligible in-planecam-
erarotation. In orderto estimatethe blur from the camerashale,
the usermust specify an imageregion without saturationeffects.
We shaw resultsfor a variety of digital photographgaken from
personaphotocollections.
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1 Intro duction

Camen shale, in which an unsteadycameracauseslurry pho-
tographsis a chronicproblemfor photographersTheexplosionof
consumedigital photograpl hasmadecamerashale very promi-
nent,particularlywith thepopularityof small, high-resolutiorcam-
eraswhoselight weightcanmake themdif cult to hold sufciently
steady Many photographgaptureephemerainomentshatcannot
be recapturedundercontrolledconditionsor repeatedvith differ-
entcamerasettings— if camerashale occursin theimagefor ary
reasonthenthatmoments “lost”.

Shale canbe mitigatedby usingfasterexposuresbut thatcanlead
to other problemssuchas sensomoiseor a smallerthan-desired

depth-of- eld. A tripod, or otherspecializechardware, canelim-
inate camerashale, but theseare bulky and mostconsumempho-
tographsare taken with a corventional, handheldcamera. Users
may avoid the useof ash dueto the unnaturaftonescaleshatre-
sult. In our experiencemary of the otherwisefavorite photographs
of amateumphotographerarespoiledby camerashale. A method
to remove that motion blur from a capturedphotographwould be
animportantassefor digital photograpi.

Camerashale canbe modeledasablur kernel,describinghe cam-
eramotion during exposure corvolved with the imageintensities.
Remaing theunknovn camerashale is thusaform of blind image
decowolution, which is a problemwith a long history in the im-

ageandsignalprocessinditerature.In the mostbasicformulation,
the problemis underconstrainedhereare simply moreunknawvns
(the original image and the blur kernel) than measurementé&he
obsenedimage). Hence,all practicalsolutionsmustmale strong
prior assumptiongboutthe blur kernel,abouttheimageto bere-

covered,or both. Traditionalsignalprocessindgormulationsof the
problemusually make only very generalassumptionsn the form

of frequeng-domainpower laws; theresultingalgorithmscantypi-

cally handleonly very smallblursandnotthecomplicatelur ker-

nelsoften associatedvith camerashale. Furthermorealgorithms
exploiting imagepriors speci ed in the frequeny domainmay not

presere importantspatial-domairstructuresuchasedges.

This paperintroducesa new techniquefor removing the effectsof
unknavn camerashale from animage. This advanceresultsfrom
two key improvementsover previouswork. First,we exploit recent
researchin naturalimagestatistics which shows that photographs
of naturalscenegypically obey very speci ¢ distributions of im-
agegradients.Secondwe build on work by Miskin and MacKay
[2000],adoptinga Bayesiarapproachhattakesinto accoununcer
taintiesin theunknavns,allowing usto nd theblur kernelimplied
by a distribution of probableimages.Giventhis kernel,theimage
is thenreconstructedisinga standarddecowolution algorithm,al-
thoughwe believe thereis roomfor substantiaimprovementin this
reconstructiorphase.

We assumehatall imageblur canbedescribedsa singlecorvolu-
tion; i.e., thereis no signi cant parallax,ary image-planeotation
of the camerais small, andno partsof the sceneare moving rel-
ative to one anotherduring the exposure. Our approachcurrently
requiresa smallamountof userinput.

Our reconstructionsdo contain artifacts, particularly when the



abore assumptionareviolated;however, they maybeacceptabléo
consumersn somecasesanda professionatlesigneicouldtouch-
up theresults. In contrastthe original imagesaretypically unus-
able,beyondtouching-up— in effectour methodcanhelp“rescue”
shotsthatwould have otherwisebeencompletelylost.

2 Related Work

Thetaskof deblurringanimageis imagedecowolution; if theblur
kernelis not known, thenthe problemis saidto be “blind”. For
a suney on the extensie literaturein this area,see[Kundurand
Hatzinalos 1996]. Existing blind decorvolution methodsypically
assumehatthe blur kernelhasa simple parametricorm, suchas
a Gaussiaror low-frequeng Fourier componentsHowever, asil-
lustratedby our examplesthe blur kernelsinducedduring camera
shale donothave simpleforms,andoftencontainvery sharpedges.
Similarlow-frequeng assumptionaretypically madefor theinput
image,e.g.,applyinga quadraticregularization.Suchassumptions
canpreventhigh frequenciegsuchasedges)rom appearingn the
reconstructionCaronetal. [2002] assumea power-law distribution
ontheimagefrequenciespowerlaws area simpleform of natural
imagestatistichatdo not presere local structure.Somemethods
[Jalobeanetal. 2002;Neelamanetal. 2004]combinepower-laws
with waveletdomainconstraintsbut do not work for the comple
blur kernelsin our examples.

Decorvolution methodshave beendevelopedfor astronomicalm-
ageqGull 1998;Richardsorl972;Tsumurayatal. 1994;Zarowin
1994],which have statisticsquite differentfrom the naturalscenes
we addressn thispaper Performingblind decowolutionin thisdo-
mainis usuallystraightforvard, asthe blurry imageof anisolated
starrevealsthe point-spread-function.

Anotherapproachs to assumehattherearemultiple imagesavail-
able of the samescene[Bascleet al. 1996; Rav-Acha and Peley
2005]. Hardware approachesnclude: optically stabilizedlenses
[Canoninc. 2006], specially designedCMOS sensorgLiu and
Gamal2001], and hybrid imaging systemgBen-Ezraand Nayar
2004]. Sincewe would like our methodto work with existing cam-
erasandimageryandto work for asmary situationsaspossiblewe
donotassumeéhatary suchhardwareor extraimageryis available.

Recenworkin computewision hasshaovn theusefulnessf heary-
tailed naturalimagepriors in a variety of applications,including
denoising[Roth and Black 2005], superresolutioriTappenet al.
2003], intrinsic images[Weiss 2001], video matting [Apostoloff
andFitzgibbon2005],inpainting[Levin etal. 2003],andseparating
re ections[Levin andWeiss2004]. Eachof thesemethodss effec-
tively “non-blind”, in that the imageformation process(e.g., the
blur kernelin superresolutionis assumedo beknown in advance.

Miskin andMacKay[2000] performblind decowolutiononline art
imagesusinga prior onraw pixel intensities.Resultsareshavn for
smallamountof synthesizedmageblur. We applyasimilar varia-
tional schemdor naturalimagesusingimagegradientsn placeof
intensitiesandaugmenthe algorithmto achieve resultsfor photo-
graphicimageswith signi cant blur.

3 Image model

Our algorithmtakesasinput a blurredinputimageB, which is as-
sumedto have beengeneratedy convolution of a blur kernel K
with alatentimage L plusnoise:

B=K L+N 1)

where  denotesdiscreteimage corvolution (with non-periodic
boundaryconditions),and N denotessensoroise at eachpixel.
We assumehatthe pixel valuesof theimagearelinearly relatedto
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Figure2: Left: A naturalscene. Right: The distribution of gra-
dient magnitudeswithin the sceneare shavn in red. The y-axis
hasa logarithmic scaleto shav the heavy tails of the distribution.
The mixture of Gaussiangpproximationusedin our experiments
is shavn in green.

the sensoirradiance.The latentimageL representsheimagewe
would have capturedf the camersehadremainedperfectlystill; our
goalis to recover L from B without speci ¢ knowledgeof K.

In orderto estimatethe latentimagefrom suchlimited measure-
ments,it is essentiato have somenotion of which imagesare a-
priori morelikely. Fortunately recentresearchn naturalimage
statisticshave shown that, althoughimagesof real-world scenes
vary greatlyin their absolutecolor distributions,they obey heavy-
tailed distributionsin their gradientgField 1994]: the distribution
of gradientshasmost of its masson small valuesbut gives sig-
ni cantly more probability to large valuesthana Gaussiardistri-
bution. This correspondgo the intuition thatimagesoften con-
tain large sectionsof constantintensity or gentleintensity gradi-
entinterruptedby occasionalarge changesat edgesor occlusion
boundaries.For example, Figure 2 shavs a naturalimageand a
histogramof its gradientmagnitudes.The distribution shows that
theimagecontaingprimarily smallor zerogradientsput afew gra-
dientshave large magnitudes.Recentimage processingnethods
basedon heavy-tailed distributions give state-of-the-artesultsin
imagedenoising[Roth and Black 2005; Simoncelli2005] and su-
perresolutior{Tappenet al. 2003]. In contrast,methodsbasedon
Gaussiarprior distributions (including methodsthat usequadratic
regularizers)produceoverly smoothimages.

We representhedistribution over gradientmagnitudesvith a zero-
meanmixture-of-Gaussiansiodel,asillustratedin Figure2. This
representatiomvaschosenbecausét canprovide a goodapproxi-
mationto the empiricaldistribution, while allowing a tractablees-
timationprocedurdor our algorithm.

4  Algorithm

Therearetwo main stepsto our approach. First, the blur kernel
is estimatedrom the input image. The estimationprocesss per
formedin a coarse-to- nefashionin orderto avoid local minima.
Secondusingthe estimatedkernel,we apply a standarddecowo-
lution algorithmto estimatethe latent(unblurred)image.

The usersuppliesfour inputsto the algorithm: the blurredimage
B, a rectangulampatchwithin the blurredimage, an upperbound
on the sizeof the blur kernel(in pixels),andaninitial guessasto
orientationof theblur kernel(horizontalor vertical). Detailsof how
to specifytheseparametersregivenin Section4.1.2.

Additionally, we requireinputimageB to have beenconvertedto

alinear color spacebeforeprocessingln our experimentswe ap-

plied inversegamma-correctichwith g= 2:2. In orderto esti-

matethe expectedblur kernel,we combineall the color channels
of the original imagewithin the userspeci ed patchto producea

grayscaleblurredpatchP.

1pixel value= (CCD sensownalue)=9



4.1 Estimating the blur kernel

Given the grayscaleblurred patch P, we estimateK and the la-
tent patchimageL p by nding the valueswith highestprobabil-
ity, guidedby a prior on the statisticsof L. Sincethesestatistics
arebasedntheimagegradientgatherthantheintensitieswe per
form the optimizationin the gradientdomain,using NL p and NP,
the gradientsof L , andP. Becauseorvolution is a linear opera-
tion, the patchgradientsNP shouldbe equalto the convolution of
thelatentgradientsandthe kernel: NP = NL p K, plusnoise.We

assumehatthis noiseis Gaussiarwith variances 2.

As discussedn the previous section,the prior p(NL p) onthela-

tentimagegradientss a mixture of C zero-mearGaussiangwith

variancev. andweight p for the c-th Gaussian)We usea sparsity
prior p(K) for thekernelthatencouragegerovaluesin thekernel,
andrequiresall entriesto bepositive. Speci cally, theprior onker

nel valuesis a mixture of D exponentialdistributions (with scale
factorsl 4 andweightspy for thed-th component).

GiventhemeasuredmagegradientsNP, we canwrite theposterior
distribution over theunknovnswith Bayes'Rule:

B p(NPIK;NL p) p(NL p) p(K) )
= O’\(NP(i)i(K NL p(i));52) ®)

p(K; NL pjNP)

D
) a PNRL p(1)i0;ve) O & PaE(K il )
i c=1 j d=1

wherei indexes over imagepixels and j indexes over blur kernel
elements.N and E denoteGaussiarand Exponentialdistributions
respectrely. For tractability we assumehat the gradientsin NP
areindependentf eachother asaretheelementsn NL , andK.

A straightforvard approachto decomwolution is to solve for the
maximuma-posteriori(MAP) solution, which nds the kernelK
andlatentimagegradients\L thatmaximizesp(K; NL pjNP). This
is equivalentto solvingaregularized-leassquareproblemthatat-
temptsto t the datawhile also minimizing small gradients. We
tried this (usingconjugategradientsearchput foundthatthe algo-
rithm failed. Oneinterpretatioris thatthe MAP objective function
attemptsto minimize all gradients(even large ones),whereasve
expectnaturalimagesto have somelarge gradients.Consequently
thealgorithmyields a two-toneimage,sincevirtually all the gradi-
entsarezero. If we reducethe noisevariance(thusincreasinghe
weighton the data- tting term), thenthe algorithmyields a delta-
function for K, which exactly ts the blurredimage,but without
ary deblurring. Additionally, we nd the MAP objective function
to bevery susceptibleéo poorlocal minima.

Instead,our approachis to approximatethe full posteriordistri-
bution p(K; NL pjNP), andthencomputethe kernelK with max-
imum maiginal probability This methodselectsa kernelthatis
mostlikely with respectto the distribution of possiblelatentim-
agesthusavoiding the over tting thatcanoccurwhenselectinga
single“best” estimateof theimage.

In order to computethis approximationefciently, we adopta
variational Bayesianapproach[Jordanet al. 1999] which com-
putes a distribution q(K; NL p) that approximatesthe posterior
p(K; NL pjNP). In particulay our approactis basedon Miskin and
MacKay's algorithm[2000] for blind decowolution of cartoonim-
agesA factoredrepresentatiors used:q(K; NL p) = q(K)q(NL p).
For the latentimage gradients this approximationis a Gaussian
density while for the non-ngative blur kernelelementsit is arec-
tied GaussianThedistributionsfor eachlatentgradientandblur
kernelelementarerepresentetby their meanandvariance stored
in anarray

Following Miskin andMacKay[2000], we alsotreatthe noisevari-
ances 2 asanunknavn duringthe estimationprocessthusfreeing
theuserfrom tuningthis parameterThis allows the noisevariance
to vary during estimation:the data- tting constraintis looseearly
in the processpecomingtighter as better low-noisesolutionsare
found. We placea prior on s 2, in theform of aGammadistribution
ontheinversevariance having hyperparameters; b: p(s 3ja;b) =
G(s 3a;b). The variationalposteriorof s2 is q(s 2), another
Gammadistribution.

The variationalalgorithm minimizesa costfunction representing
the distancebetweenthe approximatingdistribution and the true
posterior measureds: KL(q(K;NL ;s 2)jj p(K; NL pjNP)). The
independencassumptionsn the variational posteriorallows the
costfunctionCKL to befactored:
q(NLp) ak) as 3

B(NLp)~ 9RLp) * <log 23 o(<) )+ <log > n(s?7) s 2

4

where< > ) denoteshe e(pectatlonWlth respecto g(qg)?. For
brevity, thedependencen NP is omittedfrom this equation.

<log—=—+

The costfunctionis thenminimizedasfollows. The meansof the
distributionsq(K) andg(NL p) aresetto theinitial valuesof K and
NL p andthe varianceof the distributions sethigh, re ecting the
lack of certaintyin theinitial estimate.The parametersf the dis-
tributions are then updatedalternatelyby coordinatedescentone
is updatedby maminalizing out over the otherwhilst incorporat-
ing themodelpriors. Updatesareperformedby computingclosed-
form optimal parameteupdatesandperformingline-searctin the
directionof theseupdatedralues(seeAppendixA for details).The
updatesare repeateduntil the changein Cx| becomemaligible.
The meanof the mauginal distribution < K> 4 is thentaken as
the nal valuefor K. Ourimplementatioradaptsthe sourcecode
providedonline by Miskin andMacKay[2000a].

In the formulationoutlinedabove, we have neglectedthe possibil-
ity of saturategbixelsin theimage,anavkwardnon-linearitywhich
violatesour model. Sincedealingwith themexplicitly is compli-
cated,we preferto simply maskout saturatedegionsof theimage
duringtheinferenceproceduresothatno useis madeof them.

For thevariationalframevork,C= D = 4 componentsvereusedn
thepriorsonK andNL p- The parametersf the prior on thelatent
image gradientspc; V¢ were estimatedfrom a single streetscene
image shavnin Figure2, usingeM. Sincetheimagestatisticsvary
acrossscale,eachscalelevel hadits own setof prior parameters.
This prior was usedfor all experiments. The parameterdor the
prior ontheblur kernelelementsvereestimatedrom a smallsetof
low-noisekernelsinferredfrom realimages.

4.1.1 Multi-scale approach

The algorithmdescribedn the previous sectionis subjectto local

minima, particularlyfor large blur kernels.Hence we performes-
timationby varyingimageresolutionin acoarse-to- nemanner At

thecoarseslevel, K isa3 3 kernel. To ensureacorrectstartto the
algorithm,we manuallyspecifytheinitial 3 3 blur kernelto one
of two simplepatterngseeSection4.1.2). Theinitial estimatefor

thelatentgradientimageis thenproduceddy runningtheinference
schemewhile holdingK x ed.

We thenwork backup the pyramid runningthe inferenceat each
level; the corvergedvaluesof K andNL  beingupsampledo act
asaninitialization for inferenceat the next scaleup. At the nest
scale theinferencecorvergesto thefull resolutionkernelK.

ZForexample<s 2>, 2= ¢ 25 Qs %ab)=b=a

a(



Figure3: The multi-scaleinferenceschemeoperatingon the foun-
tain imagein Figurel. 1st& 3rd rows The estimatedblur ker-
nel at eachscalelevel. 2nd & 4throws Estimatedmagepatchat
eachscale. Theintensityimagewasreconstructedrom the gradi-
entsusedin theinferenceusingPoissorimagereconstructionThe
Poissorreconstructiongre showvn for referenceonly; the nal re-
constructions foundusingtheRichardson-Lug algorithmwith the
nal estimatedlur kernel.

4.1.2 User supervision

Although it would seemmore naturalto run the multi-scalein-
ferenceschemeusingthe full gradientimageRL, in practicewe
found the algorithm performedbetterif a smallerpatch,rich in
edgestructure,was manually selected. The manualselectional-
lowstheuserto avoid largeareasf saturatioror uniformity, which
canbe disruptive or uninformatve to the algorithm. Examplesof
userselectecpatchesareshavn in Section5. Additionally, the al-
gorithmrunsmuchfasteron asmallpatchthanontheentireimage.

An additional parameteiis that of the maximumsize of the blur
kernel. The size of the blur encounteredn imagesvarieswidely,
from a few pixels up to hundreds.Small blurs arehardto resohe
if the algorithmis initialized with a very large kernel. Corversely
largeblurswill becroppedf too smallakernelis used.Hence for
operationunderall conditions,the approximatesize of the kernel
is arequiredinput from the user By examiningary blur artifactin
theimage thesizeof thekernelis easilydeduced.

Finally, we alsorequirethe userto selectbetweenone of two ini-
tial estimate®f the blur kernel: a horizontalline or a verticalline.
Although the algorithm canoften be initialized in either stateand
still producethe correcthigh resolutionkernel,this ensureghe al-
gorithm startssearchingn the correctdirection. The appropriate
initialization is easilydeterminedby looking at ary blur kernelar
tifactin theimage.

4.2 Image Reconstruction

Themulti-scaleinferenceprocedureutputsanestimateof theblur
kernelK, mamginalizedover all possibleimagereconstructionsTo
recover the deblurredimagegiven this estimateof the kernel,we
experimentedwith a variety of non-blind decowolution methods,
including thoseof Geman[1992], Neelamani2004] andvan Cit-
tert[Zarowin 1994]. While mary of thesemethodgperformwell in

synthetictest examples,our real imagesexhibit a rangeof non-
linearities not presentin synthetic cases,such as non-Gaussian
noise,saturategixels, residualnon-linearitiesn tonescaleandes-
timation errorsin the kernel. Disappointingly whenrun on our
imagesmostmethodsproducedunacceptabléevels of artifacts.

We alsousedour variationalinferenceschemeon the gradientsof

the wholeimageNB, while holdingK x ed. Theintensityimage
wasthenformedvia PoissonimagereconstructiorfWeiss2001].

Aside from being slow, the inability to modelthe non-linearities
mentionedabove resultedin reconstructionsio betterthan other
approaches.

As L typically is large, speedconsiderationsnake simplemethods
attractve. Consequentlywe reconstructhe latentcolor imagelL
with theRichardson-Lug (RL) algorithm[Richardsonl972;Lucy
1974]. While the RL performedcomparablyto the othermethods
evaluated,t hasthe advantageof taking only a few minutes,even
onlargeimagedqother morecomplex methodstookhoursor days).
RL is a non-blind decorwolution algorithm that iteratively maxi-
mizesthe likelihood function of a Poissonstatisticsimage noise
model.Onebene t of this over moredirectmethodds thatit gives
only non-ngative outputvalues.We useMatlab's implementation
of the algorithmto estimatel , givenK, treatingeachcolor chan-
nel independently We used10 RL iterations,althoughfor large
blur kernels,more may be needed.BeforerunningRL, we clean
up K by applyinga dynamicthreshold basedon the maximumin-
tensityvaluewithin thekernel,which setsall element$elown acer
tain valueto zero,soreducingthe kernelnoise. The outputof RL
wasthengamma-correctedsingg= 2:2 andits intensityhistogram
matchedo thatof B (usingMatlab's histeq function),resultingin
L. Seepseudo-code AppendixA for details.

5 Experiments

We performedanexperimento checkthatblurry imagesaremainly
due to cameratranslationas opposedto other motions, such as
in-planerotation. To this end, we asled 8 peopleto photograph
a whiteboard which had small black dots placedin eachcorner
whilst usinga shutterspeedof 1 second.Figure4 shovs dotsex-
tractedfrom a randomsamplingof imagestaken by differentpeo-
ple. The dotsin eachcornerreveal the blur kernellocal to that
portion of theimage. The blur patternsarevery similar, shaving
that our assumption®f spatiallyinvariantblur with little in plane
rotationarevalid.

We apply our algorithmto a numberof realimageswith varying
degreesof blur andsaturation.All the photoscamefrom personal
photocollections,with the exceptionof the fountainand cafeim-
ageswhichweretakenwith ahigh-endDSLR usinglong exposures
(> 1=2 second).For eachwe shaw the blurry image,followed by
theoutputof our algorithmalongwith the estimatedkernel.

The runningtime of the algorithmis dependenon the size of the
patchselectedby the user With the minimum practical size of
128 128it currentlytakes 10 minutesin our Matlab implemen-
tation. For a patchof N pixels, the run-timeis O(NlogN) owing
to our useof FFT's to performthe corvolution operations.Hence
larger patcheswill still run in a reasonabldime. Compiledand
optimizedversionsof our algorithmcould be expectedto run con-
siderablyfaster

Small blurs. Figures5 and6 shav two realimagesdegradedby
smallblursthataresigni cantly sharpenedby our algorithm. The

3Camera-to-whiteboardistancewas
50mmmountedon a 0:6x DSLR sensar

5m. Lens focal length was



Figure4: Left Thewhiteboardtestscenewith dotsin eachcorner
Right Dotsfrom the cornersof imagestaken by differentpeople.
Within eachimage,the dot trajectoriesarevery similar suggesting
thatimageblur is well modeledasa spatiallyinvariantconvolution.

Figure5: Top: A scenewith a smallblur. The patchselectedby
the useris indicatedby the gray rectangle.Bottom Outputof our
algorithmandtheinferredblur kernel.Notethe crisptext.

grayrectangleshav the patchusedto infer theblur kernel,chosen
to have mary imagedetailsbut few saturatecixels. The inferred
kernelsareshown in the cornerof the deblurredmages.

Large blurs. Unlike existing blind decowolution methodsour
algorithmcanhandlelarge, comple blurs. Figures7 and9 shov
our algorithm successfullyinferring large blur kernels. Figure 1
shavs an imagewith a comple tri-lobed blur, 30 pixels in size
(shawvn in Figure10), beingdeblurred.

Figure6: Top: A sceneawith complex motions.While themotionof
the cameras small,the child is bothtranslatingand,in the caseof
the arm, rotating. Bottom Outputof our algorithm. The faceand
shirtaresharpbut thearmremainsblurred,its motionnot modeled
by ouralgorithm.

As demonstratedn Figure 8, the true blur kernelis occasionally
revealedin theimageby thetrajectoryof a pointlight sourcetrans-
formedby the blur. This givesus an opportunityto comparethe
inferredblur kernelwith the true one. Figure 10 shavs four such
imagestructuresalongwith the inferredkernelsfrom the respec-
tiveimages.

We also comparedour algorithm against existing blind decowo-
lution algorithms,running Matlab's deconvblind routine, which
provides implementationof the methodsof Biggs and Andrewns
[1997]andJanssoifil997]. Basedntheiterative Richardson-Lug
schemethesemethodsalsoestimateheblur kernel;alternatingoe-
tweenholding the blur constantandupdatingthe imageandvice-
versa.Theresultsof thisalgorithm,appliedto thefountainandcafe
scenesmreshavn in Figurell andarepoorcomparedo the output
of ouralgorithm,shavn in Figuresl and13.

Images with signi cant saturation. Figures12 and13 con-

tain large areaswherethe true intensitiesare not obsered, owing

to the dynamicrangelimitations of the camera.The userselected
patchusedfor kernel analysismust avoid the large saturatede-

gions. While the deblurredimage doeshave someatrtifactsnear
saturatedegions,the unsaturatedegionscanstill be extracted.



Figure7: Top: A scenewith alarge blur. Bottom Outputof our
algorithm.SeeFigure8 for a closeupview.

Figure8: Toprow: Closeupof themanseyein Figure7. Theorigi-
nalimage(onleft) shavs a specularitydistortedby thecameramo-
tion. In thedeblurredmage(on right) the specularityis condensed
to a point. The color noiseartifactsdueto low light exposurecan
beremoredby median Itering the chrominancehannelsBottom
row. Closeupof child from anotherimageof the family (different
from Figure7). In thedeblurredmage thetext onhisjersey is now
legible.

Figure9: Top: A blurry photograplof threebrothers Bottom Out-
putof ouralgorithm.The ne detailof thewallpaperis now visible.

6 Discussion

We have introduceda methodfor remaving camerashale effects
from photographs This problemappearshighly underconstrained
at rst. However, we have shavn that by applying naturalim-
agepriorsandadwancedstatisticattechniquesplausibleresultscan
nonetheles$e obtained. Suchan approachmay prove usefulin
othercomputationaphotograpk problems.

Most of our effort hasfocusedon kernelestimationand,visually,

the kernelswe estimateseemto matchthe imagecameramotion.
Theresultsof ourmethodoftencontainartifacts;mostprominently
ringing artifactsoccurnearsaturatedegionsandregionsof signif-

icantobjectmotion. We suspecthattheseartifactscanbe blamed
primarily on the non-blind decowolution step. We believe that
thereis signi cant roomfor improvementby applyingmodernsta-
tistical methodgo the non-blinddecorvolution problem.

Thereareanumberof commonphotographieffectsthatwe do not
explicitly model,includingsaturationpbjectmotion,andcompres-
sion artifacts. Incorporatingthesefactorsinto our model should
improve robustness.Currentlywe assumemagesto have a linear
tonescalepncethe gammacorrectionhasbeenremoved. How-
ever, cameragypically have a slight sigmoidalshapeto their tone
responseurve, so asto expandtheir dynamicrange. Ideally, this
non-linearitywould be remaoved, perhapsby estimatingit during
inference,or by measuringthe curve from a seriesof bracleted



Figure10: Toprow: Inferredblur kernelsfrom four realimagegthe
cafe, fountain and family scenelus anotherimagenot shown).
Bottomrow. Patchesextractedfrom thesesceneswvherethe true
kernelhasbeenrevealed.In the cafeimage,two lights give a dual
imageof thekernel. In the fountainscenea white squareis trans-
formedby theblur kernel. The nal two imageshave specularities
transformedy the cameramotion,revealingthetruekernel.

Figure11: BaselineexperimentsusingMatlab's blind decowolu-
tion algorithmdeconvblind on the fountainimage(top) andcafe
image(bottom). Thealgorithmwasinitialized with a Gaussiarblur
kernel,similarin sizeto theblur artifacts.

exposures. Additionally, our methodcould be extendedto make

useof moreadwancednaturalimagestatistics suchascorrelations
betweercolorchannelsor thefactthatcameranotiontracesacon-

tinuouspath (andthusarbitrarykernelsarenot possible).Thereis

alsoroomto improve the noisemodelin the algorithm;our current
approachs basedon Gaussiamoisein imagegradientswhich is

notavery goodmodelfor imagesensomoise.

Although our methodrequiressomemanualintervention, we be-
lievethesestepscouldbeeliminatedby emplo/ing moreexhaustve
searchproceduresor heuristicsto guesgherelevantparameters.

Figure 12: Top: A blurredscenewith signi cant saturation. The
longthin region selectedy theuserhaslimited saturation Bottom
outputof ouralgorithm.Notethedoubleexposuretypeblur kernel.

Figurel13: Top: A blurredscenewith heary saturationtakenwith
a1l secondexposure Bottom outputof our algorithm.
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Appendix A

Herewe give pseudacodefor the algorithm,Image Deblur . This
callsthe inferenceroutine, Inference , adaptedrom Miskin and
MacKay [2000a; 2000]. For brevity, only the key stepsare de-
tailed. Matlab notationis used. The Matlab functionsimresize ,
edgetaper anddeconvilucy areusedwith their standardsyntax.

Algorithm 1 Image Deblur

Require: Blurry imageB; selectedsub-windav P; maximumblur sizef ; overall blur
directiono (= Ofor horiz.,= 1 for vert.);parametersor prioronNL: g = f p$;vSg;
parametersor prioronK: gk = f pqg;/ 40
CornvertP to grayscale.

InversegammacorrectP (default g= 2:2).
NPy=P [1; 1] % Computegradientsin x
NPy=P [1; 1. % Computegradientsin y
NP = [NP,; NPy]. % Concatenatgradients
S=d 2log, (3=f)e % # of scalesstartingwith 3 3 kernel
for s= 1to Sdo % Loopover scales startingat coarsest
NPs =imresize( NP,(#5)S S, bilinear) % Rescalaradients
if (s==1)then % Initial kernelandgradients
K$=[0;0;0;1;1;1;0;0;0]=3. If (0== 1),KS= (K%)T.
[KS,NL3] = Inference( NPS,KS,NPS,g8,qf) , keepingks x ed.
else % Upsampleestimatgirom previousscale
NL$ =imresize( NL$ 1, 2, bilinear’)
KS =imresize( K$ 1, 2, bilinear')
endif
[KS,NL$] = Inference( NPSKSNLS,0%.g5) .
endfor
Setelementof K S thatarelessthanmax K $)=15to zero.
B = edgetaper( B,KS). % Reducesdge ringing
L =deconvlucy( B,KS,10). % RunRL for 10iterations
GammacorrectL (defaultg= 2:2).
HistogrammatchL to B usinghisteq .
Output:L, KS.

% Runinference

% Thresholdkernel

Algorithm 2 Inference (simpli ed from Miskin andMacKay[2000])

Require: Obsered blurry gradientsNP; initial blur kernelK; initial latentgradients
NLp; kernelprior parametersj ; latentgradientprior gy .
% Initialize q(K), g(NL ;) andq(s ?)
For all m;n, E[kmn] = K(m;n), V[Knn] = 10*.
Foralli; j, E[lij] = NL p(i; j), V[Iij] = 10%.
E[s =1, % Setinitial noiselevel
y = fE[s 2];Elknnl;EGaI:EDN;EN]0
repeat
y = Update(y,NLp,qK,qL) % Getnew distribution
Dy=y -y % Getupdatedirection
a = amgmin, Cx . (y + a Dy) % Line seach
% Ck. computedising[Miskin 2000b],Eqn's 3.37-3.39
y=y+a Dy % Updatedistribution
until Corvergence:DCyx <5 10 8
Krew = E[k], NL§* = E[I]. % Max marginals
Output:K"® andNL ;.

% Initial distribution

y =function Update(y ,NL p,qk ,q1)
% Sub-putineto computeoptimalupdate
% Contribution of ead prior mixture componento posterior

2 1=
Unng = Pal e 'a=bmil; wipo = pee (D P g

Umnd = Umnd=8 g Umnd; Wijc = lec:écwijc
9 n=Els Z]éij <|i2 mj n”q() % Sufcient statisticsfor q(K)
k,(,’non:E[s 215”<(NP” B0 mj nkmdOi m0j o mj n>q(n)  &ddUmndld
Iioj = &cWjcVe+ E[s zlémn<lﬁ%1;n> ak) % Sufcient statisticsfor g(NL p)
1= €5 Aamn<(Pismien Antmnkniem mjen 1O o
a=10 %+ 2&;(RP (K RNLp)Z;b=10 3+ 13=2 %S.Sforg(s 2)
% Updateparametes of q(K)
Semi-analytidorm: see[Miskin 2000b],page199,EqnsA.8 andA.9
E[lij] :Iiojozlﬂ; E[2] :(IiOJ-O:Ii"j 2+ 1210, % Updateparametes of q(NL p)
E[s ?]=bla. % Updateparametes of g(s 2)
y =fE[s ZL;E[kn;E[Kl;El1;ENZlg % Collectupdates
Return:y




