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Abstract

Thispaperpresentsa framework for “F illing In” missinggaps
in images and particularly patcheswith texture. The algorithm
can also be usedas a fallback modein treatingmissingdata for
videosequencereconstruction.Theunderlyingideais to construct
a parametricmodelof thep.d.f. of thetexture to bere-synthesised
andthendraw samplesfromthat p.d.f. to createtheresultingre-
construction.A Bayesianapproach is usedto repose2D Autore-
gressiveModelsasgenerativemodelsfor texture (usingtheGibbs
sampler)givensurroundingboundaryconditions. A fast imple-
mentationis presentedthat iteratesbetweenpixelwiseupdatesand
blockwiseparametricmodelestimation. Thenovel ideasin this
paperare joint parameterestimationandfast,efficienttexture re-
constructionusinglinear models.

Keywords: Video Reconstruction,Statistical Interpolation,
Texturesynthesis,Imagereconstruction,Imagerestoration,Filling
in, Gibbssampling, Bayesianinference, 2D Autoregressivemod-
els.

1 Intr oduction

Theproblemof filling missinggapsin picturesis awell known
onein thearchivefilm andvideorestorationfield (Seefor instance
Kokaram[1]). In that situation,the missinggapsarecausedby
abrasionof thefilm or occlusionof thefilm by dirt andotherpar-
ticles. Reconstructingthemissingregion in degradedframestyp-
ically involvesboth spatialandtemporalinferenceusingmotion
estimation/compensationof somesort.

The problemof missingdataalsooccursin still photographs
but here reconstructionof the missing imagematerialcan only
rely on spatialinference. In sucha case,onecould considerthe
problemto be that of texture interpolationin that it is required
to ‘fill in’ the missingregion with someplausibletexture. Inter-
estinglyenough,oneproblemin film restoration,thatof removing
line scratches,is almostidenticalto theproblemof filling-in, since
theline scratchpersistsin thesamelocationbetweenframes.Thus
it is possibleto propose‘filling in’ algorithmsfor reconstructing
the missinggapdegradedby the line [1, 2]. The algorithm de-
scribedherecanbeusedin thatfashion.�
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In many real degradedvideo sequencesit transpiresthat it is
simply not possibleto model the motion betweenframeseffec-
tively in all circumstances.This is because“pathologicalmotion”
casesalwaysoccurin an interestingsequence.This kind of phe-
nomenonmanifestsin moving cloth(e.g.flappingrobes)andrapid
self-occlusiondueto fastmotion of objectslike peopleor water.
Thesemotionsaresimply not possibleto model in any practical
video framework suitablefor archive videorestoration.Attempt-
ing a temporalreconstructionof missingdatain thoseregionse.g.
Dirt on a patchof imageundergoingpathologicalmotion, invari-
ably introducesdisturbingartefactsbecauseof this problem. It is
still however, possibleto solve theproblemby combiningspatio-
temporalreconstructionwith purelyspatialinterpolationschemes
in theseregions.A practicalsystemwouldthereforeemploy aspa-
tial reconstructionstageasafallbackmodewhenmotionbecomes
difficult to handle. A further point supportingthe useof spatial
reconstructionfor videois thatthereconstructionof smallregions
is “less risky” whena spatialprocessis usedthanwhena tempo-
ral processis used,sinceoneis lessrelianton successfulmotion
estimation.This paperpresentsresultsfor thedifficult caseof re-
constructingrelatively largeareasusingthenew algorithm.

1.1 Background

‘Filling in’ hasbeendiscussedin early literatureunderdiffer-
entnamese.g.Strohmerin 1997[3] presentedafrequency domain
methodfor “Reconstructionof irregularly sampledimages”,Hi-
rani [4] in 1996presentedsimilar work on “Fastinteractive noise
removal”. Recently, thisproblemhasbeenreceiving greateratten-
tion in the literaturee.g. Efros et al[5], Bertalmioet al [6]. The
processis alsocalled‘Inpainting’. This problemof ‘filling in’ is
relatedto theproblemof texturesynthesisor resynthesis[5, 7]. In
thegeneralcaseof texturesynthesis,a typicalproblemis to takea
smallsampleof textureandusethatto cover a muchlargerregion
in anotherimage.To relateanddefinethetwo genresof work more
clearly it is possibleto define‘Inpainting’ or ‘Filling In’ asa tex-
turegenerationprocesswith boundaryconditions1 andtheprocess
of Texturesynthesisor resynthesisis a texturegenerationprocess
withoutboundaryconditions.

Thetexturegenerationalgorithmsthathavebeenproposedthus
far could be consideredto fall into two classes‘parametric’and

1The interpolatedor filled in region should‘blend smoothly’with the
restof theimage.
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Figure 1. The geometr y of typical 2D AR
neighbourhoods. The leftmost suppor t is
that of a 3 tap causal model. The mid dle
geometr y is semicausal and there are four
pix els that are used in the prediction of the
pix el at the site � . The offset vector s ��� are� �	� 
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‘non-parametric’.Theparametricclasstendsto containdetermin-
istic algorithmse.g. Strohmer[3], Hirani et al [4], while thenon-
parametricclasscontainsstochasticalgorithms[8].

Thispaperintroducestheuseof 2D Autoregressive modelsfor
‘filling in’ and texture interpolation. As such it is a paramet-
ric process,but by posingthe problemasthat of estimatingthe
p.d.f. for theunderlyingtexture, it is ableto generatethe texture
stochastically. This avoids problemsof ‘flat’ or ‘over blurred’
textural reconstruction.Typically, filling in algorithmstendto be
computationallydemanding,but becauseof the structureof this
framework, a fastalgorithmcanbedeveloped.Theuseof MCMC
(theGibbssampler)is exploredto enableacomputationallytrivial
iterativeprocessfor interpolation.

The following sectionsfirst introduce the generative image
model,thenillustratehow it couldbeusedfor texturegeneration
and‘filling in’ by incorporationinto a Bayesianframework. Note
that thereis no claim herethat this papercontainsan exhaustive
comparisionwith the wide classof texture synthesisalgorithms,
especiallysincethepaperis concernedwith ‘interpolation’ asop-
posedto synthesisor generation,andexhaustive comparisionis a
never endingexercise.Thepaperpresentsa new method,articu-
latedundera statisticalframework. The idea is to introducethe
useof a computationallyattractive implementationof thesekinds
of modelsto theimageandvideoreconstructioncommunity.

2 The generative model

It is assumedthat the underlyingimagegenerationprocessis
2D autoregressive (AR). Thusa pixel in theoriginal,cleanimage,� � ���

, where
�

is a spatialpositionvector, canbemodelledasfol-
lows � � ������� ! "�# $ ! � ��� � � �	%'& ! ��%)( � ��� (1)

A particularpixel at site
�

is thereforepredictedby a linearcom-
bination of pixels in the currentframe plus an addedexcitation

or residualerror
( � ����*,+-� . / 0�12 � ��� � . The 3 coefficientsof the

model are denoted$ ! for 4 �6587 7 7 3 . The pixels usedin the
predictionarecalled the supportor neighbourhoodof the model
andaremappedby the 3 spatialoffsetvectors

& !
. Typical model

geometriesareshown in Figure1. Notethatthemodelparameters
arenon-stationary(they area function of position

�
) in orderto

capturethe statisticalnon-stationarityin interestingimages.The
modelparametersare

0�12 , and 9 (arrangedin a vectorof 3 ele-
ments).

3 Joint solution and relationshipswith previ-
ouswork

The problemis posedas that of ‘Filling in’ missingtexture
in gapsin the image. This meansestimatingboth the modelpa-
rametersand the missingdataitself. Considera block of pixels
containingthemissingdataasshown in Figure2. Let : ! contain
theknown pixels,and : ; thepixelsto beestimated(theinner <>=�<
block in Figure 2) , or synthesised. Let ? representa vector of
modelparameters@ 9 /�0�12 A .

Ultimately, we would wish to manipulateB � : ; / ? C : ! � to select
an interpolant(estimateof : ; ), D : ; AND the modelparameters? ,
at thesametime. Assumingthat : ; / ? areindependentvariables,
therequiredprobabilityexpressioncanbewrittenasB � : ; / ? C : ! �8E B � : ! C ? / : ; � B � : ; � B � ? � (2)

Connectionswith previous work can be establishedat this
point. Efrosetal employs theempiricalmeasurementof thedistri-
bution B � : ; C : ! � usingsurroundingimagedata.Hereweuseinstead
aparametricform for thedistributionvia the2D AR model,hence
we donot requireasmuchimagematerialto ‘learn’ thenecessary
distribution. StrohmerandHirani useanestimateof spectralcon-
tentto generatemissingtexture.The2D AR modelcanbeconsid-
eredto summariseall spectralinformationwithoutmodellingeach
spectralcoefficient. Additionally, wedonotneedapatchtemplate
(Hirani), becausemodelestimationis built in to theproblem.

To proceed,specificexpressionsarerequiredfor thelikelihood
andpriorsin theequation2 above. A uniform prior is adoptedforB � 9 � andB � : ; � , henceB � ? �8E B � 0�12 � , andB � : ; � is a constant.For
theresidualvariance,aJefferiesprior is used:B � 0 12 �8E�5 F 0 12 . The
Likeihoodis examinednext.

3.1 The Lik elihood

Considera blockof G�=HG pixels(containingbothknown and
unknown sites).Within this block

( � ���I*�J�� . / 0�12 � for a subset
of pixel siteschosensuchthatthepredictionsupportfor eachsite
doesnot extendoutsidethe block. Seefigure 2 for G �LK , and
a 3 tapcausalAR model. By rasterscanningpredictionerrorsor
residualsinto M it is alwayspossibleto expressthis residualerror
in differentforms. M �ON : �ON ! : ! %PN ; : ; . Where

N
is amatrix

of modelcoefficientsarrangedso that
N : implementstheconvo-

lution of thepredictionerrorfilter (definedby equation1) with all
thedatain theblock arrangedasa vector : usingrasterscanning.
Therefore,the likelihoodcanbe written in a few alternateforms
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Figure 2. A Q'R'Q bloc k of pix els sho wing a
missing STR'S inner bloc k. Prediction errors
are obser ved at sites marked with U , and these
errors are raster scanned to create the vectorV .

sinceW�X Y Z [ \ ]8^)W�X _ ] . Theform neededfor ‘filling in’ is asfollowsW�X Y [ `�X a�] b c�de ]8^'f g hHi jTk l Z Y ZIm lon Y n p q8k l Z Y ZIm lon Y n pr c de s
(3)

4 Inter polation/Filling In

TheGibbssampleris usedto solve for Y n b8t in theexpression
2. Startingfrom an initial parameterestimate(which may be 0),
thesamplerproceedsiteratively drawing randomsamplesfor each
variablein turn. Here the sampleris alteredto samplefor both`�b c de at thesametime.X ` b c�de ]8u-W�X t [ Y ] v8Y n u)W�X Y n [ t b Y Z ] (4)

Theseconditionalexpressionsmay be derived by integrating
the posteriordistribution [9] in equation2. In addition, the first
joint samplecanbe achieved usingcompositionsamplingwhich
requiresfirst drawing a samplefor c de then using that sample,
drawing a samplefor ` asfollows.W�X c�de [ Y ]8w IG X X xyj-z�] { r b |oX }` b Y ] { r ] (5)W�X `�[ Y b c�de ]8w)~H�>X }`�b c�de X � q � ] ��� ] (6)

where |oX \ ] is the sumsquaredpredictionerror in a block using
theLeastSquaresestimateof thecoefficients }` .

Theconditionalfor Y n canbederivedby completingthesquare
[9, 1] in theargumentof theexponentof thatequation3 andyieldsW�X Y n [ Y Z b `�b c�de ]�w'~�X } Y n b c�de k l qn lHn p ��� ] (7)

where } Y n w k l qn lHn p ��� l qn l Z Y Z (8)

Hencethe MAP estimatefor the missingdatais } Y n . In this
caseit is identicalto the LeastSquaresinterpolant.MAP recon-
structionstendto look ‘f aded’whenusedin thepresenceof heavy
texture. Instead,we areinterestedherein usingthesamplesfrom
the Gibbssampler. This sampleis usedas the interpolantto fill
in the missingregion. The recipefor drawing a samplefrom a
multidimensionalGaussiandistribution is foundin [9, 1].

Direct solution for } Y n is computationallydemandingbecause
of theneedto invert k loqn lon p . For instance,a missinggapof size���I�

pixelsandasimple3 tapcausal2D AR model,requiresof the
orderof � � � mT� � d ��r � operationsin total. To improveefficiency,
a fastalgorithmis discussednext.

4.1 A pixel updatealgorithm

Theproblemis thatof drawing samplesfor thepixel datathat
constitutesY n . By usingthe Gibbssamplerthis draw canbe de-
composedinto draws for eachpixel iteratively asfollows.� n � u-W�X � n � [ Y � n � b t ] v � n d u-W�X � n d [ Y � n d b t ] v�� � �
where

� n � is the first missingpixel in a scanof the data,
� n d the

secondandsoon. Y � n � representsthecurrentstateof all theimage
dataaroundthepixel to betreatedregardlessof whetherit contains
missingpixels or not. This sequenceof operationsconvergesto
samplesfrom W�X Y n [ t b Y Z ] .

Sinceat eachiteration,only onepixel is missing, Y n becomes
a single pixel sample

� n . Eachconditional is now a univariate
Gaussian,andso lon'� ` n etc. ThereforelHqn lon becomesa
scalar� �Z � � � dZ ( � � w � � � ), makinginversiontrivial.

5 The final algorithm

To adaptto spatiallyvarying imagestatisticsthe imageis di-
vided into blocksof fixed sizeand the samevalue for t is used
throughouteachblock. Therefore,the modelparameterestima-
tion processis conductedon a block basisandthefilling process
conductedon a pixel basis. Thestartingestimatefor themissing
datais just themeanof thepixelssurroundingthe‘hole’.

1. Selecta block size x � x , for t estimation.Selecta model
orderandcausality. Thereare z pixels in thesupportused
by themodel.

2. BLOCK BASED MODEL ESTIMATION

(a) For eachblock DO:

(b) Calculatethe least squaredestimatefor ` using the
Normalequations.Calculatethepredictionerrorin the
blockusingtheestimated}` .

(c) Usingthesevalues,draw a samplefor themodelcoef-
ficients ` � andpredictionvariancec de usingequations
5 (InvertedGamma),and6 (Gaussian)in thatorder.

3. PIXEL BASED FILLING IN
At eachmissingpixel siteDO:

(a) Lookup the model coefficients for the corresponding
block

(b) Calculate}� n accordingto equation8 usingthe previ-
ouslygeneratedsamplesfor t for thegivenblock.

(c) Generateasampleof themissingdataat thatsiteusing}� n m)� �-� � �Z � � � dZ where� u�xTX � b � ] .
4. Repeatsteps2,3for � iterations.

In practiceacheckerboardimagescanfor filling in givesbetter
convergencethana consecutive rasterscanpattern.
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6 Picturesand Performance

Figure 3 shows a textured image(of size � � � rows and � � �
columns)uponwhich threepatchesof blue have beendrawn to
simulatemissingareas.Figure3 shows on the top right resulting
reconstructionwhenthe algorithmabove is appliedandthe 50th
sampleis usedasthefilled in texture. Thesynthesisedtexture is
shown to be extremelywell matchedto the restof the image. A
block sizeof � �H�-� � wasusedwith a semi-causalmodelof 10
taps. The supportgeometryis similar to the semi-causalmodel
shown in Figure 1 except using a borderof 2 taps. The colour
reconstructionwas achieved by processingY,U,V colour planes
separately. Thereareabout4600missingpixelsin this image,and
using ‘researcherC coding’ the algorithm took just less than 1
secperiteration(includingbothmodelestimationandpixel filling
over thewholeimage)to executeona PIII 300MHz PC.

The secondrow shows on the left the original (clean)image
andon theright theaverageof thelast40 samplesfrom theGibbs
sampler. Theright handimageis anMMSE estimateof theunder-
lying textureandcanbeseento bemoreblurredthanthesample
shown in thetopright image.Thesamplein thetopright is almost
indistinguishablefrom thecleanoriginal image.

The third row shows from left to right the 1st, 10th and40th
texture samplesfrom the Gibbs Sampler. As can be seen,con-
vergenceis almostachieved after just 10 iterations. The bottom
row shows on the left the differencein the Luminanceplanebe-
tweenthe50th texturesampleandtheoriginal (clean)image(the
differenceimageis offset so that mid-grey is 0 difference). The
differenceis quite large. This is sensiblesincethereis no rea-
sonthata samplefrom thep.d.f. of theunderlyingtextureshould
exactlymatchthe original datathat wasin that gap. The bottom
right plot givessomeideaof the MSE betweeneachsampleand
thezerothiteration(i.e. thedirty picture). UsingMSE asa mea-
sureof convergencewould thereforeimply that convergencehas
beenachievedfrom aboutthe50thiterationsincethesampleMSE
becomesmorewell distributedafterthatpoint.

Figure4 shows threeexampleswith morevariedpicturecon-
tent. In all casesthesamemodelwasusedasabove,but for longer
runsof iterations:� � � . For thetopmostrow, ablocksizeof � ����� �
wasused,while for theotherpicturesblocksizeswere� ���>� � . The
splodgesonthehousein thetop two rowsarewell removedby the
algorithm.However, atboundariesbetweentwo textures,thereare
problems.Thereadercanseefor instancein theedgeof theslate
roof at thetopof theimagesin thefirst row thatthereconstruction
is a little blurred. A similar problemhappensat the edgeof the
window framein the picturesin the secondrow. This is due to
the fact that the imagehasnot beensegmentedaccordingto pic-
turecontent.In eachcase,a singlesetof parametersis beingused
to generatetexture to traversetwo differentregions. This causes
obviousdifficulty.

The last row in figure 4 gives an exampleof pictureediting.
Thechainsupportingthetwo bicyclesin theforegroundhasbeen
delineatedby handandthenthealgorithmusedto remove thefea-
ture. The result is good,but againshows someslightly strange
behaviour wherethebicyclesandchainoverlap.This againis ex-
pectedsincea singlesetof parametersis beingusedto copewith
two differenttexturesin thosesituations.

7 Final Comments

Thispaperhaspresentedastatisticalparametricframework for
texture resynthesisor filling-in. It hasbeenshown that the 2D
AR modelcanbearticulatedwithin this framework to yield useful
texturalreconstruction.A fastalgorithmhasbeenexaminedwhich
removesmuchof thecomputationaldistresscausedby usingma-
trix algebrain deriving theprocess.

It would be useful to allow this algorithmto adaptto the im-
agedetailsmoreflexibly thanon a block basis.This would imply
the solutionof a simultaneoussegmentation/estimationproblem.
Currentwork revolvesaroundexaminingmultiscaleimplementa-
tions in an attemptto increasespeedanddecreasethe sensitivity
to blocksizes.

Theschemepresentedin thispaperholdsmuchfuturescopefor
generalisationor combinationof theideaspresentedby Strohmer,
Hirani et al, Efros et al andBertalmioet al; while still retaining
thenotionof ‘stochastictexturesampling’.
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Figure 3. Top right: Performance of the algorithm in remo ving the blue swathes in the top left image.
The clean original image is sho wn as the left hand image in the 2nd row. There is very little visib le
diff erence between the reconstruction and the original image, even though the MSE is high as sho wn
in the bottom left hand image. See the text for an explanation about the other pictures sho wn.



Figure 4. Left: Pictures sho wing regions to be remo ved. Right: Filling in using the same parameter s
as for the previous example . The bottom pair sho ws an example of remo val of an object in an
image in this case the chain suppor ting the bic ycles. Excepting the top row, the pictures have been
subsampled to meet ECCV filesiz e limits.
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