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Abstract

Inpainting is the problemof �lling-in holesin images.
Considerable progresshas beenmadeby techniquesthat
use the immediateboundaryof the hole and someprior
informationon imagesto solvethis problem. Thesealgo-
rithms successfullysolvethe local inpainting problembut
they must,by de�nition, give the samecompletionto any
two holesthat havethesameboundary, evenwhentherest
of theimage is vastlydifferent.

In thispaperweaddressa different,moreglobalinpaint-
ing problem.Howcanweusetherestof theimage in order
to learnhowto inpaint?Weapproach thisproblemfromthe
context of statistical learning. Givena training image we
build an exponentialfamily distribution over imagesthat is
basedon thehistogramsof local features.We thenusethis
imagespeci�c distribution to inpaint theholeby �nding the
mostprobableimage giventheboundaryand thedistribu-
tion. Theoptimizationis doneusingloopybeliefpropaga-
tion. We showthat our methodcan successfullycomplete
holeswhiletakinginto accountthespeci�c imagestatistics.
In particular it can give vastlydifferent completionseven
whenthelocal neighborhoodsare identical.

1. Intr oduction
Inpainting,dis-occlusionand�lling-in arevariousnames

for the sametask: Given an imagewith a missingregion
(a hole), restorethe valuesin the hole in an undetectable
way [3]. Applicationsinclude restorationof old images,
removal of overlaid text andlogosandremoval of objects
from images.

Theinpaintingproblemis clearlyill-posed.Any method
must thereforeusesomeprior assumptionsabout the un-
known missingvaluesand their relationswith the known
holeneighborhood.Mostexistingapproaches(seee.g.[17]
for a review) use a genericprior on images(e.g. high
smoothness,low total variationor low curvature)anduse
anoptimizationto �nd themostprobablecompletiongiven
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Figure 1. a.-b. Two imageswith holes. In both cases
theboundaryof theholesareidenticalthuslocal inpainting
algorithmswould completethemidentically. c.-d. There-
sultsof thealgorithmin [3] runwith asingleresolution.As
canbe expectedfrom a local algorithm,the completionis
identical. In this paperwe ask: how canwe usetheglobal
informationin theimageto causethecompletionsto bedif-
ferent?

the prior model and the immediateboundaryof the hole.
We call theseapproacheslocal inpaintingalgorithms.

Despitethe impressive successesof local approaches,
they must by de�nition give identical completionswhen
the immediateboundaryof the hole is identical. Consider
Fig. 1-a,b: two imagesof a squareanda circle, eachwith
a missingsquareregion on the bottom-rightpart. While
thecircleandsquarearedifferent,thesmallneighborhoods
aroundtheholesareidentical. Indeed,up to numericaler-
ror, thegradientsandgraylevelsin theimmediateboundary
of thehole,areidentical. Thusany algorithmthat is based
on a genericmodelandtheseboundaryconditionswill re-
storethe two holesidentically. Figs1-c,dshow the results



Figure 2. Two Pablo Picassopaintingswith holes. The
vicinity of thehole is nearlyidenticalin the two paintings
but the global style is vastly different. We would like the
completionto bedifferent.

of the local algorithmin [3]1. While the completionsare
veryreasonablegiventhelocal information,they donotap-
pear“perceptuallycorrect”. Evidentlyour visualsystemis
takingmoreglobalinformationinto account.

The global statisticsaresimilarly importantin painting
restoration,we would want to restorea hole in a Mondrian
paintingvery differently from a locally identicalhole in a
Bruegel painting(indeedevena Picassofrom theblue pe-
riod shouldbe restoredcompletelydifferently from a Pi-
cassoin the cubist period). Figure 2 shows an example.
Theimmediatevicinity of thetwo holesareverysimilarbut
the global statisticsarevery different: the cubistpainting
hasadifferent“look” comparedto theBlueperiodpainting
andwewantinpaintingalgorithmsto preservethislook. We
call this problem“learninghow to inpaint”.

In this paperwe addressthis problemin the context of
statisticallearning.We usetheinput imageto learna prob-
ability distribution over imagesthat is in the exponential
family. We then useloopy belief propagationto �nd the
mostprobablecompletionof theholeunderthislearneddis-
tribution.

1.1 Previouswork

In mostexisting inpaintingapproachesthe hole is esti-
matedasthemost“smooth”continuationof thelocalstruc-
tureof the image,wheresmoothnesscanbede�ned in dif-
ferentways. This main advantageof this approachis that
whenproperlyformulatedit canbe appliedto an arbitrary
imagepatchwith minimal userinteraction.A smoothcon-
tinuationcanbede�ned in variousways. Bertalmioet. al.
[3], inspiredby professionalart restorators, propagategra-

1We thank JoanVerderafor providing theseresults. The resultsare
with a singleresolution.Multi resolutionresultsmaybedifferentfor the
two �gures

dientdirectionandgrayvaluesfrom thesurroundingneigh-
borhoodinto thehole.They formulatetheprocesselegantly
in aPDEframework,andsolveit usingfastiterativesolvers.

In a laterpaper[1], they usesimilar ideas,but reformu-
latetheinpaintingprocessin avariationalframework. They
proposeto minimize the following cost function over the
image� andits normal�eld � :
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termpe-
nalizeslarge gradientsand the secondintegral is a relax-
ationof theconstraintthat the � is indeedthenormal�eld
of � . As we discussin thenext section,the impressive re-
sultsin [1] usingonly local imageoperatorsmotivatedusto
useonly local imagestatisticsto de�ne our prior.

Anotherway to de�ne a smooth�lling-in waspresented
by ChanandShen[4], who minimized the total variation
in the result image. As mentionedin [1], suchapproach
handlesnoiseverywell, but tendsto completestraightlines.

Filling-in of holesis alsoperformedby texture synthe-
sisalgorithmswhereit is assumedthat themissingdatais
partof a (usuallyhomogeneous)texture.Theregioncanbe
�lled-in by a texturesynthesisengine,e.g. [16, 8, 22, 9, 6].
Thetexture-synthesisapproachcanprocesslargeholes,and
�ll themwith rich structureslearnedfrom similar regions
in the image. We found two applicationof texturesynthe-
sis to imageinpainting. Hirani andTotsuka[13] �ll in a
selectedtextureby combiningspectralandspatialinforma-
tion, achieving impressive results.Criminisi et. al. usedan
exampler-basedapproach,adaptingthesynthesismethodof
EfrosandLeung[9] to imageinpainting[5]. Recentworks
combinetexturesynthesiswith inpaintingof structure[2].

Filling-in of holesin simpleimagesconsistingof a sin-
gle contourhasalsobeenextensively studiedin thehuman
vision literature[19, 21]. Theseapproachesalsorely on a
notion of smoothcontinuation,but in generalthey cannot
beappliedto anarbitraryimagepatchin anaturalimage.

2 Exponential family modelsof imagestatis-
tics

In orderto learnhow to inpaint,we wanta methodthat
will capturethe“look” of a training imagein a probability
distributionover images.Themainchallengeis to estimate
the parametersof sucha distribution from a singleimage.
Obviously, if onerepresentedimagepatchstatisticsusinga
hugelook up tableof all possible)�*�+�)�* imagepatchesand
their respective probabilitiesthen learninghow to inpaint
would be trivial but estimatingsucha table is, of course,
impossible.

Ourapproachis motivatedby thesuccessof exponential
family distributionsin the modelingof imagesandnatural
language[22, 7, 12, 14]. In thisapproachtheprobabilityof
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Figure 3. The marginal statisticsof the featureswe areusing: gradientmagnitude(center)andrelative gradientangle(right).
Thesesimple,localhistogramscapturethedifferent“look” of thethreeimages.Notethattheaxislimits in theanglehistogramsare
vastlydifferentfor thesquareandthecircle: in thecircle all angulardifferencesarebetween� and ��� ��� .

animageis de�nedby meansof asmallnumberof suf�cient
statisticsor features,eachof which canbe evaluatedat an
arbitrarylocationin theimage.Theprobabilityof animage
is givenby:
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Where (��

�

+*)%+ � is thevalueof feature
�

at location
�

+*)%+ � in
the image � , and

�

is a normalizationfactor. Theparame-
tersof anexponentialfamily distribution arethechoiceof
featuresandthetables
,�

�

( � : intuitively thelargertheaver-
agevalueof 


�

�

( � for aparticularimage,themoreprobable
theimageis.

Learningexponentialfamily distributionsfrom datais a
dif�cult but well studiedproblem. Typically, onechooses
the featuresbasedon a notion of informativenessandthen
choosesthe tablesbasedon the maximum likelihood or
maximumentropy criterion [22, 7]. For exponentialfam-

ily distributionsthesecriteria areidenticalandsimplify to
a requirementthat the predictedmarginals of all features
matchtheempiricalmarginalsin thedata:
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The computationaldif�culty arisesfrom the left hand
sideof equation3: calculatingthe predictedmarginalsre-
quiressummingoverall possibleimages,andwhile Monte-
Carlomethodscanbeappliedthey arestill tooslow for our
applicationwherethemodelis learnedanew for every im-
agethatwe process.

We simplify thelearningin two ways.First, thefeatures
in the distribution are �x ed for all images. Motivatedby
previous work on naturalimagestatistics[15, 18] andthe
work of [1] we chosetwo featuresthat we thoughtwould
be informative: gradientmagnitude
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andpairwisegradientangle.Pairwisegradientangleis de-
�ned for everypairof neighboringpixels
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Note that this featureis measuredfor all pairs of neigh-
boringpixels: we do not assumethatwe candecidewhich
pairsof gradientsbelongto thesamecurve. Sincethean-
gle of thegradientis noisy at gradientsof low magnitude,
we only measuretheanglefeatureat gradientsabovea cer-
tain threshold.Figure3 shows themarginal histogramsof
thesetwo featuresona naturalimageandthetwo synthetic
imagesdescribedearlier. Notethatthedifferenthistograms
capturethedifferent“looks” of the threeimages.The fact
that the naturalimageis more textured than the synthetic
imagesis capturedin the magnitudehistogram: thereare
muchmorenonzerogradientsin the real image. The dif-
ferencebetweenthecircle andthesquareis capturedin the
relativeanglehistogram.In thesquarethedistributionis bi-
modal,indicatingthatadjacentpixelseitherhave identical
angle(i.e. alongstraightlines)orhaveaverydifferentangle
(i.e. at sharpcorners).In thecircle, adjacentpixelsalways
have similar angle(i.e. thereareno sharpcorners).(Note
that the axis limits in the anglehistogramsarevastly dif-
ferentfor thesquareandthecircle: in thecircle all angular
differencesarebetween* and *�� *�
 ).

The secondsimpli�cation we make is the methodby
whichweestimate
 . To understandthecomplexity of solv-
ing equation3 notethatequation2 with our choiceof fea-
turesis equivalentto a Markov RandomField distribution
on thegradient�eld, �

�

��� of animage� :
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where �
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refers to pairs of neighboringpixels in
the imageand
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����� � . Thusestimating
,�$� is asdif�cult asestimat-
ing thepotentialfunctionsin a MRF.

SinceexactML estimationof thepotentialsof theMRF
is intractable,a numberof approximationshave beenpro-
posed.We usedan approximationsimilar to the oneused
in [10] wherethepotentialsareapproximatedby theempir-
ical marginalandconditionalprobabilities.Speci�cally we
set:
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It is easyto show that whenthe MRF is singly connected
thesesettingswill give rise to 
 tablesthat exactly sat-
isfy themaximumlikelihoodequation(eq.3). Thusif we
wantedto modela singlescanline of an image,thesepa-
rameterswould beexact. In our case,of course,thegraph

hasmany loopsso theseparametersarenot the maximum
likelihoodparameters,but thisapproximationhasprovento
besuccessfulin a numberof visionapplications[10].

Theonly tweakableparameterin ourmodelis thede�ni-
tion of theregionoverwhich thehistogramsarecalculated.
Thiscaneitherbetheentireimage,asubregionof theinput
imageor evena differentimagethathasa similar “look” to
theonetheuserwants.

To summarize:in orderto �ll in a holein theimage,we
�rst measurehistogramsof our featuresover the training
image,andthensearchfor an integrablegradient�eld that
agreeswith theimagegradientsontheboundaryof thehole
andmaximizestheprobabilityde�ned by equations5,6.

3 Optimization using loopy Belief Propaga-
tion

In orderto �nd the mostprobable�lling-in we needto
optimizetheprobability, conditionedon theholeboundary
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where

�

9 is a normalizationfactorand
�

���*) enforcesinte-
grability of the gradient�eld (differentiatingthe x deriva-
tive with respectto y shouldgive the sameanswerasdif-
ferentiatingthey derivativewith respectto x). Theproduct
is taken over all gradientsinsidethe hole andthosein the
boundary, andgradientson theboundaryare�x ed to their
observedvalues.

Naiveoptimizationof equation8 is of courseexponential
in thesizeof thehole. Themax-productbelief propagation
algorithm [20] is a local, messagepassingalgorithm that
canbe usedto performthe optimization. It is guaranteed
to �nd the global optimumwhen the graphhasno loops.
In our case,thegraphicalmodelde�ned by equation8 has
many loops. Neverthelessmotivatedby the recentresults
onsimilar graphs[10, 11] we expectedgoodresultsfor our
problem. When it converges,the max-productalgorithm
is guaranteedto �nd a gradient�eld �	�:��� that is a local
maximumof equation8 with respectto a large neighbor-
hood[20]. Finally, given the gradient�eld we integrateit
by robustlysolvingthefollowing linearequation:

,

+

�

� (9)

where + is a vectorizedversionof the image,
,

is thedif-
ferentiationmatrix of size ).-0/1- (where - is thenumber
of pixels)and � is avectorizedversionof thegradient�eld.
This is anoverconstrainedsetof equationsandwe �nd the
solutionthatminimizesthe 2

5

norm usinglinear program-
ming.

In order to run the max-productbelief propagational-
gorithmoneneedsto discretizethegradient�eld. We used
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)�* candidategradientschosenusingaclusteringalgorithm
from thegradientsof theinput imagesurroundingthehole.

4 Experiments
In theprevioussection,we saw that themarginal statis-

tics of the squareand circle are quite different. Can our
algorithmusethis differenceto correctly learnhow to in-
paint?

Theresultsareshown in �gure 4. Thetrainingimagewas
the full image. To avoid aliasingartifactswe anti-aliased
both �gures. Sincethe numberof distinct gradientsin the
areassurroundingthe holesherearequite small, we aug-
mentedthediscretizationwith anadditionalsetof gradients
chosento tile thespaceof orientations.Thesamediscrete
set of gradientswas usedfor both images. Note that the
algorithmcorrectlyadaptsto theparticularimageandcom-
pletesa circle in onecaseanda squarein thesecondcase,
despitethe fact that the local neighborhoodsareidentical.
This is dueto thevastlydifferentrelative anglehistograms
in thetwo images.For thesquareimage,therelativeangleis
almostalwayszero,exceptfor afew instanceswheretherel-
ativeangleis large.For thecircle image,on theotherhand,
the relative angleis typically small but nonzero.Theright
columnshows what happenswheneachimageis �lled-in
basedonmarginalstatisticsfrom theotherimage.

Figure5 shows the outputof our algorithmon the two
PabloPicassopaintingswith differentstyles.For eachim-
age, we useda small patch from that image to estimate
the histograms.To avoid aliasingartifactsthe imagesare
smoothed.While theholesin thetwo imagesarenot identi-
cal, they arevery similar locally. Yet our algorithmcom-
pletessharp cornersfor the cubist painting and smooth
curvesfor theblueperiodpainting.

Canwe learnhow to inpaint in real images? Figure6
showsa result.We trainedthealgorithmonanurbanscene
anda fruit image(top row). We thenusedtheurbanscene
statisticsto �ll-in theholesin theruins imageandthefruit
scenestatisticsto �ll-in the fruit image. As a result, our
algorithmcompletessharpcornerson theruinsbut smooth
curveson the fruit. Again, note that the boundaryof the
holein thefruit imageis verysimilar (up to rotation)to the
boundariesof the top two holesin the ruins image. Thus
classicalinpaintingapproachesshouldgive similar results
in thetwo cases.

In theprevioustwo examples,ouralgorithmcansuccess-
fully adaptto theimagestatisticsandgivecompletionsthat
dependnot only on the local boundaryof theholebut also
on theglobal“look” of theimage.This is in contrastto ex-
isting inpaintingapproachesthatgiveidenticalcompletions
whentheboundaryis identical.However, giventhesuccess
of existing approachesin many images,onewonders:will
our algorithmcausea decreasein performancein images
wheretheboundaryinformationis suf�cient?

Figure7 shows thatour algorithmalsoperformswell in
thecaseswhereclassicalalgorithmsperformwell. In fact,
thecompletionis very similar to theonecalculatedby [3].
This is becausethe marginal statisticsin this image(�g-
ure 3) favor “smooth” completions:sinceboth themagni-
tudehistogramandtheanglehistogramarepeakedat zero,
thelearneddistribution favorscompletionswith shortlines
andlow curvature.

5 Discussion

Inpaintingis obviouslyanill-posedproblemandhenceis
impossiblewithout someassumptionaboutthestatisticsof
images.In thatsense,all previousapproachesto inpainting
canalsobeviewedashavinganimplicit probabilisticmodel
of images:e.g. that imagestendto be smooth[3] or that
imagestend to containhomogeneoustexture [8]. In this
work, we have asked: how canwe learnthis probabilistic
assumptionfrom the input image? We have shown that a
modelbasedonhistogramsof local featurescancapturethe
“look” of animageandshown how to usethesehistograms
to de�ne the�lling in of a hole.

In futurework we would like to extendour modelto use
more imagefeatures. In particularthe probability model
presentedin this paperdoesa poor job of representingtex-
ture. It would beinterestingto seewhethera smallnumber
of additional features(e.g. the onesusedin [16]) would
enableour algorithmto inpainttexturedregions.A promis-
ing directionto explore is to choosethe featuresanew for
theparticularimagethatneedsto beinpainted.This would
requireef�cient approximationsto the Minimax approach
usedin [22]. An alternative way to useour methodin tex-
turedimagesis to usethedecompositioninto a “structure”
imageanda “textureimage”proposedin [2] andapplyour
currentmethodonly to thestructureimage.

In future work we would alsolike to explore otherop-
timizationmethods.While our framework is probabilistic,
we areinterestedonly in the mostprobablecompletionso
calculationof marginal probabilitiesis not necessary. We
areinterestedin exploring someof thepowerful optimiza-
tion techniquesusedin local inpainting to �nd the most
probablecompletiongiven our model. In particular, our
currentoptimizationalgorithmis singlescaleandhenceour
completionsare not as sharpas the stateof the art local
algorithms. Oneapproachworth exploring is to initialize
the local algorithmswith our completionandthusobtaina
sharperimage.

Thechallengeof de�ning simpleprobabilitymodelsthat
capturethe“look” of an imageis commonto a largenum-
ber of problemsin vision andimageprocessingincluding
superresolution,denoising,transparency analysisandmore.
We believe thatprogressin learninghow to inpaintwill di-
rectly translateinto progressin theseadditionaldomains.
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Figure 4. Filling in a circle anda rectangle.Thecompletiondependson themarginal statistics.Middle column: Each�gure is
completedbasedon marginal statisticstakenfrom thesameimage.Thecircle completionis curvedandthesquarecompletionhas
a sharpcorner. Rightcolumn:Eachimageis completedbasedon marginal statisticstakenfrom theotherimage.

Figure 5. Theoutputof our algorithmon the two PabloPicassopaintingswith differentstyles. Thealgorithmcompletessharp
cornersfor thecubistpaintingandsmoothcurvesfor theblueperiodpainting.
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