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Figure1: Left: An imagespoiledby camerashake. Middle: resultfrom Photoshop“unsharpmask”.Right: resultfrom ouralgorithm.

Abstract

Camerashake during exposureleadsto objectionableimageblur
and ruins many photographs.Conventional blind deconvolution
methodstypically assumefrequency-domainconstraintsonimages,
or overly simpli�ed parametricforms for the motion pathduring
camerashake. Realcameramotionscanfollow convolutedpaths,
anda spatialdomainprior canbettermaintainvisually salientim-
agecharacteristics.We introduceamethodto removetheeffectsof
camerashake from seriouslyblurredimages.Themethodassumes
auniformcamerablur over theimageandnegligible in-planecam-
erarotation. In orderto estimatethe blur from the camerashake,
the usermustspecifyan imageregion without saturationeffects.
We show resultsfor a variety of digital photographstaken from
personalphotocollections.
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1 Intro duction

Camera shake, in which an unsteadycameracausesblurry pho-
tographs,is achronicproblemfor photographers.Theexplosionof
consumerdigital photography hasmadecamerashake very promi-
nent,particularlywith thepopularityof small,high-resolutioncam-
eraswhoselight weightcanmakethemdif�cult to holdsuf�ciently
steady. Many photographscaptureephemeralmomentsthatcannot
be recapturedundercontrolledconditionsor repeatedwith differ-
entcamerasettings— if camerashake occursin theimagefor any
reason,thenthatmomentis “lost”.

Shake canbemitigatedby usingfasterexposures,but thatcanlead
to other problemssuchas sensornoiseor a smaller-than-desired

depth-of-�eld. A tripod, or otherspecializedhardware,canelim-
inatecamerashake, but thesearebulky andmostconsumerpho-
tographsare taken with a conventional,handheldcamera. Users
mayavoid theuseof �ash dueto theunnaturaltonescalesthat re-
sult. In ourexperience,many of theotherwisefavoritephotographs
of amateurphotographersarespoiledby camerashake. A method
to remove that motion blur from a capturedphotographwould be
animportantassetfor digital photography.

Camerashakecanbemodeledasablur kernel,describingthecam-
eramotionduringexposure,convolvedwith the imageintensities.
Removing theunknown camerashake is thusaform of blind image
deconvolution, which is a problemwith a long history in the im-
ageandsignalprocessingliterature.In themostbasicformulation,
theproblemis underconstrained:therearesimply moreunknowns
(the original imageand the blur kernel) than measurements(the
observed image). Hence,all practicalsolutionsmustmake strong
prior assumptionsabouttheblur kernel,aboutthe imageto be re-
covered,or both. Traditionalsignalprocessingformulationsof the
problemusuallymake only very generalassumptionsin the form
of frequency-domainpower laws; theresultingalgorithmscantypi-
cally handleonly verysmallblursandnot thecomplicatedblur ker-
nelsoftenassociatedwith camerashake. Furthermore,algorithms
exploiting imagepriorsspeci�ed in thefrequency domainmaynot
preserve importantspatial-domainstructuressuchasedges.

This paperintroducesa new techniquefor removing theeffectsof
unknown camerashake from an image.This advanceresultsfrom
two key improvementsoverpreviouswork. First,weexploit recent
researchin naturalimagestatistics,which shows thatphotographs
of naturalscenestypically obey very speci�c distributionsof im-
agegradients.Second,we build on work by Miskin andMacKay
[2000],adoptingaBayesianapproachthattakesinto accountuncer-
taintiesin theunknowns,allowing usto �nd theblur kernelimplied
by a distribution of probableimages.Given this kernel,the image
is thenreconstructedusinga standarddeconvolution algorithm,al-
thoughwebelievethereis roomfor substantialimprovementin this
reconstructionphase.

Weassumethatall imageblur canbedescribedasasingleconvolu-
tion; i.e., thereis no signi�cant parallax,any image-planerotation
of the camerais small, andno partsof the scenearemoving rel-
ative to oneanotherduring the exposure.Our approachcurrently
requiresasmallamountof userinput.

Our reconstructionsdo contain artifacts, particularly when the



aboveassumptionsareviolated;however, they maybeacceptableto
consumersin somecases,anda professionaldesignercouldtouch-
up the results. In contrast,the original imagesaretypically unus-
able,beyondtouching-up— in effectourmethodcanhelp“rescue”
shotsthatwouldhaveotherwisebeencompletelylost.

2 Related Work

Thetaskof deblurringanimageis imagedeconvolution; if theblur
kernel is not known, then the problemis said to be “blind”. For
a survey on the extensive literaturein this area,see[Kundurand
Hatzinakos1996]. Existingblind deconvolution methodstypically
assumethat the blur kernelhasa simpleparametricform, suchas
a Gaussianor low-frequency Fouriercomponents.However, asil-
lustratedby our examples,theblur kernelsinducedduringcamera
shakedonothavesimpleforms,andoftencontainverysharpedges.
Similar low-frequency assumptionsaretypically madefor theinput
image,e.g.,applyinga quadraticregularization.Suchassumptions
canpreventhigh frequencies(suchasedges)from appearingin the
reconstruction.Caronetal. [2002]assumeapower-law distribution
on theimagefrequencies;power-laws area simpleform of natural
imagestatisticsthatdo not preserve local structure.Somemethods
[Jalobeanuetal. 2002;Neelamanietal. 2004]combinepower-laws
with wavelet domainconstraintsbut do not work for the complex
blur kernelsin ourexamples.

Deconvolution methodshave beendevelopedfor astronomicalim-
ages[Gull 1998;Richardson1972;Tsumurayaetal.1994;Zarowin
1994],which have statisticsquitedifferentfrom thenaturalscenes
weaddressin thispaper. Performingblind deconvolutionin thisdo-
main is usuallystraightforward,astheblurry imageof an isolated
starrevealsthepoint-spread-function.

Anotherapproachis to assumethattherearemultiple imagesavail-
able of the samescene[Bascleet al. 1996; Rav-Acha and Peleg
2005]. Hardware approachesinclude: optically stabilizedlenses
[CanonInc. 2006], speciallydesignedCMOS sensors[Liu and
Gamal2001], and hybrid imaging systems[Ben-Ezraand Nayar
2004].Sincewewould likeourmethodto work with existingcam-
erasandimageryandto work for asmany situationsaspossible,we
donotassumethatany suchhardwareor extra imageryis available.

Recentwork in computervisionhasshown theusefulnessof heavy-
tailed naturalimagepriors in a variety of applications,including
denoising[Roth and Black 2005], superresolution[Tappenet al.
2003], intrinsic images[Weiss2001], video matting [Apostoloff
andFitzgibbon2005],inpainting[Levin etal.2003],andseparating
re�ections[Levin andWeiss2004].Eachof thesemethodsis effec-
tively “non-blind”, in that the imageformationprocess(e.g., the
blur kernelin superresolution)is assumedto beknown in advance.

Miskin andMacKay[2000]performblind deconvolutiononline art
imagesusingaprior onraw pixel intensities.Resultsareshown for
smallamountsof synthesizedimageblur. Weapplyasimilarvaria-
tional schemefor naturalimagesusingimagegradientsin placeof
intensitiesandaugmentthealgorithmto achieve resultsfor photo-
graphicimageswith signi�cant blur.

3 Image model
Our algorithmtakesasinput a blurredinput imageB, which is as-
sumedto have beengeneratedby convolution of a blur kernelK
with a latentimageL plusnoise:

B = K 
 L + N (1)

where 
 denotesdiscreteimage convolution (with non-periodic
boundaryconditions),and N denotessensornoiseat eachpixel.
Weassumethatthepixel valuesof theimagearelinearly relatedto
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Figure2: Left: A naturalscene. Right: The distribution of gra-
dient magnitudeswithin the sceneare shown in red. The y-axis
hasa logarithmicscaleto show theheavy tails of thedistribution.
The mixture of Gaussiansapproximationusedin our experiments
is shown in green.

thesensorirradiance.ThelatentimageL representsthe imagewe
wouldhavecapturedif thecamerahadremainedperfectlystill; our
goalis to recoverL from B withoutspeci�c knowledgeof K.

In order to estimatethe latent imagefrom suchlimited measure-
ments,it is essentialto have somenotion of which imagesarea-
priori more likely. Fortunately, recentresearchin natural image
statisticshave shown that, althoughimagesof real-world scenes
vary greatlyin their absolutecolor distributions,they obey heavy-
tailed distributionsin their gradients[Field 1994]: thedistribution
of gradientshasmost of its masson small valuesbut gives sig-
ni�cantly moreprobability to large valuesthana Gaussiandistri-
bution. This correspondsto the intuition that imagesoften con-
tain large sectionsof constantintensity or gentleintensity gradi-
ent interruptedby occasionallarge changesat edgesor occlusion
boundaries.For example,Figure 2 shows a naturalimageand a
histogramof its gradientmagnitudes.The distribution shows that
theimagecontainsprimarily smallor zerogradients,but a few gra-
dientshave large magnitudes.Recentimageprocessingmethods
basedon heavy-tailed distributions give state-of-the-artresultsin
imagedenoising[Roth andBlack 2005;Simoncelli2005]andsu-
perresolution[Tappenet al. 2003]. In contrast,methodsbasedon
Gaussianprior distributions(includingmethodsthatusequadratic
regularizers)produceoverly smoothimages.

Werepresentthedistributionovergradientmagnitudeswith azero-
meanmixture-of-Gaussiansmodel,asillustratedin Figure2. This
representationwaschosenbecauseit canprovide a goodapproxi-
mationto theempiricaldistribution, while allowing a tractablees-
timationprocedurefor ouralgorithm.

4 Algorithm
Thereare two main stepsto our approach.First, the blur kernel
is estimatedfrom the input image. The estimationprocessis per-
formedin a coarse-to-�nefashionin orderto avoid local minima.
Second,usingtheestimatedkernel,we applya standarddeconvo-
lution algorithmto estimatethelatent(unblurred)image.

The usersuppliesfour inputsto the algorithm: the blurredimage
B, a rectangularpatchwithin the blurred image,an upperbound
on thesizeof theblur kernel(in pixels),andan initial guessasto
orientationof theblur kernel(horizontalor vertical).Detailsof how
to specifytheseparametersaregivenin Section4.1.2.

Additionally, we requireinput imageB to have beenconvertedto
a linearcolor spacebeforeprocessing.In our experiments,we ap-
plied inversegamma-correction1 with g = 2:2. In order to esti-
matethe expectedblur kernel,we combineall the color channels
of the original imagewithin the userspeci�ed patchto producea
grayscaleblurredpatchP.

1Pixel value= (CCDsensorvalue)1=g



4.1 Estimating the blur kernel
Given the grayscaleblurred patchP, we estimateK and the la-
tent patchimageL p by �nding the valueswith highestprobabil-
ity, guidedby a prior on the statisticsof L. Sincethesestatistics
arebasedontheimagegradientsratherthantheintensities,weper-
form theoptimizationin thegradientdomain,usingÑL p andÑP,
the gradientsof L p andP. Becauseconvolution is a linear opera-
tion, thepatchgradientsÑP shouldbeequalto theconvolution of
thelatentgradientsandthekernel:ÑP = ÑL p 
 K, plusnoise.We
assumethatthisnoiseis Gaussianwith variances 2.

As discussedin the previous section,the prior p(ÑL p) on the la-
tent imagegradientsis a mixtureof C zero-meanGaussians(with
variancevc andweightpc for thec-th Gaussian).Weuseasparsity
prior p(K) for thekernelthatencourageszerovaluesin thekernel,
andrequiresall entriesto bepositive. Speci�cally, theprior onker-
nel valuesis a mixture of D exponentialdistributions(with scale
factorsl d andweightspd for thed-th component).

GiventhemeasuredimagegradientsÑP, wecanwrite theposterior
distributionover theunknownswith Bayes'Rule:

p(K;ÑL pjÑP) µ p(ÑPjK;ÑL p)p(ÑL p)p(K) (2)

= Õ
i

N(ÑP(i)j(K 
 ÑL p(i)) ;s 2) (3)

Õ
i

C

å
c= 1

pcN(ÑL p(i)j0;vc)Õ
j

D

å
d= 1

pdE(K j jl d)

wherei indexesover imagepixels and j indexesover blur kernel
elements.NandE denoteGaussianandExponentialdistributions
respectively. For tractability, we assumethat the gradientsin ÑP
areindependentof eachother, asaretheelementsin ÑL p andK.

A straightforward approachto deconvolution is to solve for the
maximuma-posteriori(MAP) solution,which �nds the kernelK
andlatentimagegradientsÑL thatmaximizesp(K;ÑL pjÑP). This
is equivalentto solvinga regularized-leastsquaresproblemthatat-
temptsto �t the datawhile alsominimizing small gradients.We
tried this (usingconjugategradientsearch)but foundthatthealgo-
rithm failed. Oneinterpretationis thattheMAP objective function
attemptsto minimize all gradients(even large ones),whereaswe
expectnaturalimagesto have somelargegradients.Consequently,
thealgorithmyieldsa two-toneimage,sincevirtually all thegradi-
entsarezero. If we reducethenoisevariance(thusincreasingthe
weighton thedata-�tting term), thenthealgorithmyieldsa delta-
function for K, which exactly �ts the blurred image,but without
any deblurring. Additionally, we �nd theMAP objective function
to beverysusceptibleto poorlocalminima.

Instead,our approachis to approximatethe full posteriordistri-
bution p(K;ÑL pjÑP), andthencomputethe kernelK with max-
imum marginal probability. This methodselectsa kernel that is
most likely with respectto the distribution of possiblelatent im-
ages,thusavoiding theover�tting thatcanoccurwhenselectinga
single“best” estimateof theimage.

In order to computethis approximationef�ciently , we adopt a
variational Bayesianapproach[Jordanet al. 1999] which com-
putes a distribution q(K;ÑL p) that approximatesthe posterior
p(K;ÑL pjÑP). In particular, our approachis basedon Miskin and
MacKay's algorithm[2000] for blind deconvolutionof cartoonim-
ages.A factoredrepresentationis used:q(K;ÑL p) = q(K)q(ÑL p).
For the latent imagegradients,this approximationis a Gaussian
density, while for thenon-negative blur kernelelements,it is a rec-
ti�ed Gaussian.Thedistributionsfor eachlatentgradientandblur
kernelelementarerepresentedby their meanandvariance,stored
in anarray.

Following Miskin andMacKay[2000],wealsotreatthenoisevari-
ances 2 asanunknown duringtheestimationprocess,thusfreeing
theuserfrom tuningthis parameter. This allows thenoisevariance
to vary duringestimation:thedata-�tting constraintis looseearly
in the process,becomingtighter asbetter, low-noisesolutionsare
found.Weplaceaprior ons 2, in theform of aGammadistribution
ontheinversevariance,having hyper-parametersa;b: p(s 2ja;b) =
G(s � 2ja;b). The variationalposteriorof s 2 is q(s � 2), another
Gammadistribution.

The variationalalgorithm minimizesa cost function representing
the distancebetweenthe approximatingdistribution and the true
posterior, measuredas:KL(q(K;ÑL p;s � 2)jj p(K;ÑL pjÑP)) . The
independenceassumptionsin the variationalposteriorallows the
costfunctionCKL to befactored:

< log
q(ÑL p)
p(ÑL p)

> q(ÑL p) + < log
q(K)
p(K)

> q(K) + < log
q(s � 2)
p(s 2)

> q(s � 2)

(4)
where< �> q(q) denotestheexpectationwith respectto q(q)2. For
brevity, thedependenceonÑP is omittedfrom thisequation.

Thecostfunction is thenminimizedasfollows. Themeansof the
distributionsq(K) andq(ÑL p) aresetto theinitial valuesof K and
ÑL p and the varianceof the distributionsset high, re�ecting the
lack of certaintyin the initial estimate.Theparametersof thedis-
tributionsarethenupdatedalternatelyby coordinatedescent;one
is updatedby marginalizing out over the otherwhilst incorporat-
ing themodelpriors.Updatesareperformedby computingclosed-
form optimalparameterupdates,andperformingline-searchin the
directionof theseupdatedvalues(seeAppendixA for details).The
updatesarerepeateduntil the changein CKL becomesnegligible.
The meanof the marginal distribution < K > q(K) is thentaken as
the �nal valuefor K. Our implementationadaptsthe sourcecode
providedonlineby Miskin andMacKay[2000a].

In the formulationoutlinedabove, we have neglectedthepossibil-
ity of saturatedpixelsin theimage,anawkwardnon-linearitywhich
violatesour model. Sincedealingwith themexplicitly is compli-
cated,we preferto simply maskout saturatedregionsof theimage
duringtheinferenceprocedure,sothatnouseis madeof them.

For thevariationalframework,C = D = 4 componentswereusedin
thepriorson K andÑL p. Theparametersof theprior on thelatent
imagegradientspc;vc were estimatedfrom a single streetscene
image,shown in Figure2,usingEM. Sincetheimagestatisticsvary
acrossscale,eachscalelevel hadits own setof prior parameters.
This prior was usedfor all experiments. The parametersfor the
prior ontheblur kernelelementswereestimatedfrom asmallsetof
low-noisekernelsinferredfrom realimages.

4.1.1 Multi-scale approach

Thealgorithmdescribedin theprevioussectionis subjectto local
minima,particularlyfor largeblur kernels.Hence,we performes-
timationby varyingimageresolutionin acoarse-to-�nemanner. At
thecoarsestlevel,K is a3� 3 kernel.To ensureacorrectstartto the
algorithm,we manuallyspecifythe initial 3� 3 blur kernelto one
of two simplepatterns(seeSection4.1.2). The initial estimatefor
thelatentgradientimageis thenproducedby runningtheinference
scheme,while holdingK �x ed.

We thenwork backup the pyramid runningthe inferenceat each
level; theconvergedvaluesof K andÑL p beingupsampledto act
asan initialization for inferenceat thenext scaleup. At the �nest
scale,theinferenceconvergesto thefull resolutionkernelK.

2 For example,< s � 2> q(s � 2)=
R

s � 2 s � 2G(s � 2ja;b) = b=a.



Figure3: Themulti-scaleinferenceschemeoperatingon thefoun-
tain imagein Figure1. 1st & 3rd rows: The estimatedblur ker-
nel at eachscalelevel. 2nd& 4th rows: Estimatedimagepatchat
eachscale.The intensityimagewasreconstructedfrom thegradi-
entsusedin theinferenceusingPoissonimagereconstruction.The
Poissonreconstructionsareshown for referenceonly; the �nal re-
constructionis foundusingtheRichardson-Lucy algorithmwith the
�nal estimatedblur kernel.

4.1.2 User supervision

Although it would seemmore natural to run the multi-scalein-
ferenceschemeusing the full gradientimageÑL, in practicewe
found the algorithm performedbetter if a smallerpatch, rich in
edgestructure,was manuallyselected.The manualselectional-
lowstheuserto avoid largeareasof saturationor uniformity, which
canbe disruptive or uninformative to the algorithm. Examplesof
user-selectedpatchesareshown in Section5. Additionally, theal-
gorithmrunsmuchfasteronasmallpatchthanontheentireimage.

An additionalparameteris that of the maximumsize of the blur
kernel. The sizeof the blur encounteredin imagesvarieswidely,
from a few pixels up to hundreds.Small blursarehardto resolve
if thealgorithmis initialized with a very largekernel. Conversely,
largeblurswill becroppedif toosmalla kernelis used.Hence,for
operationunderall conditions,the approximatesizeof the kernel
is a requiredinput from theuser. By examiningany blur artifact in
theimage,thesizeof thekernelis easilydeduced.

Finally, we alsorequirethe userto selectbetweenoneof two ini-
tial estimatesof theblur kernel:a horizontalline or a vertical line.
Although the algorithmcanoften be initialized in eitherstateand
still producethecorrecthigh resolutionkernel,this ensurestheal-
gorithm startssearchingin the correctdirection. The appropriate
initialization is easilydeterminedby looking at any blur kernelar-
tifactin theimage.

4.2 Image Reconstruction

Themulti-scaleinferenceprocedureoutputsanestimateof theblur
kernelK, marginalizedover all possibleimagereconstructions.To
recover the deblurredimagegiven this estimateof the kernel,we
experimentedwith a variety of non-blinddeconvolution methods,
including thoseof Geman[1992], Neelamani[2004] andvan Cit-
tert [Zarowin 1994].While many of thesemethodsperformwell in

synthetictest examples,our real imagesexhibit a rangeof non-
linearities not presentin syntheticcases,such as non-Gaussian
noise,saturatedpixels,residualnon-linearitiesin tonescaleandes-
timation errors in the kernel. Disappointingly, when run on our
images,mostmethodsproducedunacceptablelevelsof artifacts.

We alsousedour variationalinferenceschemeon thegradientsof
the whole imageÑB, while holdingK �x ed. The intensityimage
was then formedvia Poissonimagereconstruction[Weiss2001].
Aside from being slow, the inability to model the non-linearities
mentionedabove resultedin reconstructionsno better than other
approaches.

As L typically is large,speedconsiderationsmake simplemethods
attractive. Consequently, we reconstructthe latentcolor imageL
with theRichardson-Lucy (RL) algorithm[Richardson1972;Lucy
1974]. While theRL performedcomparablyto theothermethods
evaluated,it hastheadvantageof takingonly a few minutes,even
onlargeimages(other, morecomplex methods,tookhoursor days).
RL is a non-blind deconvolution algorithm that iteratively maxi-
mizesthe likelihood function of a Poissonstatisticsimagenoise
model.Onebene�t of this over moredirectmethodsis thatit gives
only non-negative outputvalues.We useMatlab's implementation
of the algorithmto estimateL, given K, treatingeachcolor chan-
nel independently. We used10 RL iterations,althoughfor large
blur kernels,moremay be needed.BeforerunningRL, we clean
up K by applyinga dynamicthreshold,basedon themaximumin-
tensityvaluewithin thekernel,whichsetsall elementsbelow acer-
tain valueto zero,so reducingthekernelnoise.Theoutputof RL
wasthengamma-correctedusingg= 2:2 andits intensityhistogram
matchedto thatof B (usingMatlab'shisteq function),resultingin
L. Seepseudo-codein AppendixA for details.

5 Experiments

Weperformedanexperimentto checkthatblurry imagesaremainly
due to cameratranslationas opposedto other motions, such as
in-planerotation. To this end, we asked 8 peopleto photograph
a whiteboard3 which had small black dots placedin eachcorner
whilst usinga shutterspeedof 1 second.Figure4 shows dotsex-
tractedfrom a randomsamplingof imagestakenby differentpeo-
ple. The dots in eachcornerreveal the blur kernel local to that
portion of the image. The blur patternsarevery similar, showing
that our assumptionsof spatiallyinvariantblur with little in plane
rotationarevalid.

We apply our algorithmto a numberof real imageswith varying
degreesof blur andsaturation.All thephotoscamefrom personal
photocollections,with the exceptionof the fountainandcafeim-
ageswhichweretakenwith ahigh-endDSLRusinglongexposures
(> 1=2 second).For eachwe show theblurry image,followedby
theoutputof ouralgorithmalongwith theestimatedkernel.

The runningtime of the algorithmis dependenton the sizeof the
patchselectedby the user. With the minimum practicalsize of
128� 128 it currently takes10 minutesin our Matlab implemen-
tation. For a patchof N pixels, the run-timeis O(NlogN) owing
to our useof FFT's to performtheconvolution operations.Hence
larger patcheswill still run in a reasonabletime. Compiledand
optimizedversionsof our algorithmcouldbeexpectedto run con-
siderablyfaster.

Small blurs. Figures5 and6 show two real imagesdegradedby
small blurs thataresigni�cantly sharpenedby our algorithm. The

3Camera-to-whiteboarddistancewas � 5m. Lens focal length was
50mmmountedona0:6x DSLRsensor.



Figure4: Left: Thewhiteboardtestscenewith dotsin eachcorner.
Right: Dots from thecornersof imagestakenby differentpeople.
Within eachimage,thedot trajectoriesarevery similar suggesting
thatimageblur is well modeledasaspatiallyinvariantconvolution.

Figure5: Top: A scenewith a small blur. The patchselectedby
theuseris indicatedby thegray rectangle.Bottom: Outputof our
algorithmandtheinferredblur kernel.Notethecrisptext.

grayrectanglesshow thepatchusedto infer theblur kernel,chosen
to have many imagedetailsbut few saturatedpixels. The inferred
kernelsareshown in thecornerof thedeblurredimages.

Large blurs. Unlike existing blind deconvolution methodsour
algorithmcanhandlelarge, complex blurs. Figures7 and9 show
our algorithm successfullyinferring large blur kernels. Figure 1
shows an imagewith a complex tri-lobed blur, 30 pixels in size
(shown in Figure10),beingdeblurred.

Figure6: Top: A scenewith complex motions.While themotionof
thecamerais small,thechild is bothtranslatingand,in thecaseof
thearm,rotating. Bottom: Outputof our algorithm. The faceand
shirt aresharpbut thearmremainsblurred,its motionnotmodeled
by ouralgorithm.

As demonstratedin Figure8, the true blur kernel is occasionally
revealedin theimageby thetrajectoryof apoint light sourcetrans-
formedby the blur. This givesus an opportunityto comparethe
inferredblur kernelwith the true one. Figure10 shows four such
imagestructures,alongwith the inferredkernelsfrom the respec-
tive images.

We also comparedour algorithm against existing blind deconvo-
lution algorithms,runningMatlab's deconvblind routine,which
provides implementationsof the methodsof Biggs and Andrews
[1997]andJansson[1997]. BasedontheiterativeRichardson-Lucy
scheme,thesemethodsalsoestimatetheblur kernel;alternatingbe-
tweenholding the blur constantandupdatingthe imageandvice-
versa.Theresultsof thisalgorithm,appliedto thefountainandcafe
scenesareshown in Figure11andarepoorcomparedto theoutput
of ouralgorithm,shown in Figures1 and13.

Images with signi�cant saturation. Figures12 and13 con-
tain large areaswherethe true intensitiesarenot observed,owing
to thedynamicrangelimitationsof thecamera.Theuser-selected
patchusedfor kernel analysismust avoid the large saturatedre-
gions. While the deblurredimagedoeshave someartifactsnear
saturatedregions,theunsaturatedregionscanstill beextracted.



Figure7: Top: A scenewith a large blur. Bottom: Outputof our
algorithm.SeeFigure8 for acloseupview.

Figure8: Toprow: Closeupof theman'seyein Figure7. Theorigi-
nal image(on left) showsaspecularitydistortedby thecameramo-
tion. In thedeblurredimage(on right) thespecularityis condensed
to a point. Thecolor noiseartifactsdueto low light exposurecan
beremovedby median�ltering thechrominancechannels.Bottom
row: Closeupof child from anotherimageof the family (different
from Figure7). In thedeblurredimage,thetext onhis jersey is now
legible.

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

6 Discussion

We have introduceda methodfor removing camerashake effects
from photographs.This problemappearshighly underconstrained
at �rst. However, we have shown that by applying natural im-
agepriorsandadvancedstatisticaltechniques,plausibleresultscan
nonethelessbe obtained. Suchan approachmay prove useful in
othercomputationalphotography problems.

Most of our effort hasfocusedon kernelestimation,and,visually,
the kernelswe estimateseemto matchthe imagecameramotion.
Theresultsof ourmethodoftencontainartifacts;mostprominently,
ringing artifactsoccurnearsaturatedregionsandregionsof signif-
icantobjectmotion. We suspectthat theseartifactscanbeblamed
primarily on the non-blind deconvolution step. We believe that
thereis signi�cant roomfor improvementby applyingmodernsta-
tisticalmethodsto thenon-blinddeconvolutionproblem.

Thereareanumberof commonphotographiceffectsthatwedonot
explicitly model,includingsaturation,objectmotion,andcompres-
sion artifacts. Incorporatingthesefactorsinto our model should
improve robustness.Currentlywe assumeimagesto have a linear
tonescale,oncethe gammacorrectionhasbeenremoved. How-
ever, camerastypically have a slight sigmoidalshapeto their tone
responsecurve, so asto expandtheir dynamicrange. Ideally, this
non-linearitywould be removed, perhapsby estimatingit during
inference,or by measuringthe curve from a seriesof bracketed



Figure10: Toprow: Inferredblur kernelsfrom four realimages(the
cafe, fountainand family scenesplus anotherimagenot shown).
Bottomrow: Patchesextractedfrom thesesceneswherethe true
kernelhasbeenrevealed.In thecafeimage,two lights give a dual
imageof thekernel. In thefountainscene,a white squareis trans-
formedby theblur kernel.The�nal two imageshave specularities
transformedby thecameramotion,revealingthetruekernel.

Figure11: Baselineexperiments,usingMatlab's blind deconvolu-
tion algorithmdeconvblind on thefountainimage(top) andcafe
image(bottom).Thealgorithmwasinitializedwith aGaussianblur
kernel,similar in sizeto theblur artifacts.

exposures.Additionally, our methodcould be extendedto make
useof moreadvancednaturalimagestatistics,suchascorrelations
betweencolorchannels,or thefactthatcameramotiontracesacon-
tinuouspath(andthusarbitrarykernelsarenot possible).Thereis
alsoroomto improve thenoisemodelin thealgorithm;our current
approachis basedon Gaussiannoisein imagegradients,which is
notaverygoodmodelfor imagesensornoise.

Although our methodrequiressomemanualintervention,we be-
lievethesestepscouldbeeliminatedby employing moreexhaustive
searchprocedures,or heuristicsto guesstherelevantparameters.

Figure12: Top: A blurredscenewith signi�cant saturation.The
longthin regionselectedby theuserhaslimited saturation.Bottom:
outputof ouralgorithm.Notethedoubleexposuretypeblur kernel.

Figure13: Top: A blurredscenewith heavy saturation,takenwith
a1 secondexposure.Bottom: outputof ouralgorithm.
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Appendix A

Herewe give pseudocodefor thealgorithm,Image Deblur . This
calls the inferenceroutine,Inference , adaptedfrom Miskin and
MacKay [2000a; 2000]. For brevity, only the key stepsare de-
tailed. Matlab notationis used.The Matlab functionsimresize ,
edgetaper anddeconvlucy areusedwith their standardsyntax.

Algorithm 1 Image Deblur
Require: Blurry imageB; selectedsub-window P; maximumblur sizef ; overallblur

directiono (= 0 for horiz.,= 1 for vert.);parametersfor prior onÑL: qL = f ps
c;vs

cg;
parametersfor prior onK: qK = f pd; l dg.
ConvertP to grayscale.
InversegammacorrectP (default g = 2:2).
ÑPx = P
 [1; � 1]. % Computegradientsin x
ÑPy = P
 [1; � 1]T . % Computegradientsin y
ÑP = [ÑPx;ÑPy]. % Concatenategradients
S= d� 2 log2 (3=f ) e. % # of scales,startingwith 3� 3 kernel
for s= 1 to Sdo % Loopoverscales,startingat coarsest

ÑPs =imresize( ÑP,( 1p
2
)S� s,`bilinear') . % Rescalegradients

if (s==1)then % Initial kernelandgradients
K s = [0;0;0;1;1;1;0;0;0]=3. If (o == 1), K s = (K s)T .
[K s,ÑL s

p] = Inference( ÑPs,K s,ÑPs,qs
K ,qs

L) , keepingK s �x ed.
else % Upsampleestimatesfrompreviousscale

ÑL s
p = imresize( ÑL s� 1

p ,
p

2,`bilinear') .

K s = imresize( K s� 1,
p

2,`bilinear') .
end if
[K s,ÑL s

p] = Inference( ÑPs,K s,ÑL s
p,qs

K ,qs
L) . % Runinference

end for
Setelementsof KS thatarelessthanmax(K S)=15 to zero. % Thresholdkernel
B = edgetaper( B,K S) . % Reduceedge ringing
L = deconvlucy( B,K S,10) . % RunRL for 10 iterations
GammacorrectL (default g = 2:2).
HistogrammatchL to B usinghisteq .
Output:L , KS.

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

Require: Observedblurry gradientsÑP; initial blur kernelK; initial latentgradients
ÑL p; kernelprior parametersqK ; latentgradientprior qL.
% Initialize q(K), q(ÑL p) andq(s � 2)
For all m;n, E[kmn] = K(m;n), V[kmn] = 104.
For all i; j , E[l i j ] = ÑL p(i; j), V[ l i j ] = 104.
E[s � 2] = 1; % Setinitial noiselevel
y = f E[s � 2];E[kmn];E[k2

mn];E[l i j ];E[l2
i j ]g % Initial distribution

repeat
y � = Update(y ,ÑL p,qK ,qL) % Getnew distribution
Dy =y � -y % Getupdatedirection
a � = argmina CKL(y + a � Dy ) % Linesearch

% CKL computedusing[Miskin 2000b],Eqn.'s 3.37–3.39
y = y + a � � Dy % Updatedistribution

until Convergence:DCKL < 5� 10� 3

Knew = E[k], ÑLnew
p = E[l ]. % Maxmarginals

Output:Knew andÑLnew
p .

y � = function Update(y ,ÑL p,qK ,qL)
% Sub-routineto computeoptimalupdate

% Contributionof each prior mixture componentto posterior

umnd = pd l de� l dE[kmn]; wi jc = pce
� (E[l2i j ]=(2vc)) =

p
vc

umnd = umnd=å d umnd; wi jc = wi jc=å c wi jc
k0
mn = E[s � 2]å i j < l2i� m; j� n> q(l ) % Suf�cient statisticsfor q(K)

k
00
mn = E[s � 2]å i j < (ÑPi j � å m0n06= i� m; j� n km0n0li� m0; j� n0)li� m; j� n> q(;l ) � å d umnd1=l d

l0i j = å c wi jc=vc + E[s � 2]å mn < k2
m;n> q(k) % Suf�cient statisticsfor q(ÑL p)

l
00
i j = E[s � 2]å mn < (ÑPi+ m; j+ n � å m0n06= m;n km0n0li+ m� m0; j+ n� n0)km;n> q(k)

a = 10� 3 + 1
2 å i j (ÑP� (K 
 ÑL p))2

i j ; b = 10� 3 + IJ=2 % S.S.for q(s � 2)
% Updateparameters of q(K)
Semi-analyticform: see[Miskin 2000b],page199,EqnsA.8 andA.9
E[l i j ] = l

00
i j =l0

i j ; E[l2
i j ] = (l

00
i j =l0

i j )
2 + 1=l0

i j . % Updateparametersof q(ÑL p)
E[s � 2] = b/a. % Updateparameters of q(s � 2)
y � = f E[s � 2];E[kmn];E[k2

mn];E[l i j ];E[l2
i j ]g % Collectupdates

Return:y �


