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Abstract

Thispaperpresents framevork for “Filling In” missinggaps
in images and particularly patcheswith texture. The algorithm
canalsobe usedas a fallbadk modein treatingmissingdata for
videosequenceeconstruction.Thanderlyingideais to construct
a parametricmodelof thep.d.f of thetexture to bere-synthesised
andthendraw samplesromthat p.d.f to createtheresultingre-
construction. A Bayesianappoad is usedto repose2D Autore-
gressiveModelsas genertive modelsfor texture (usingthe Gibbs
sampler)given surroundingboundaryconditions. A fastimple-
mentatioris presentedhatiteratesbetweerpixelwiseupdatesand
blockwise parametric modelestimation. The novel ideasin this
paperare joint parameterestimationandfast, efficienttexture re-
constructiorusinglinear models.

Keywords: Mideo Reconstruction,Statistical Interpolation,
Texture synthesislmage reconstructionimage restoation, Filling
in, Gibbssampling Bayesianinference 2D Autoregressivemod-
els.

1 Intr oduction

Theproblemof filling missinggapsin picturesis awell known
onein thearchive film andvideorestoratiorfield (Seefor instance
Kokaram[1]). In thatsituation,the missinggapsare causedby
abrasiorof thefilm or occlusionof thefilm by dirt andotherpar
ticles. Reconstructinghe missingregion in degradedframestyp-
ically involves both spatialand temporalinferenceusing motion
estimation/compensati@f somesort.

The problemof missingdataalsooccursin still photographs
but herereconstructionof the missingimage material can only
rely on spatialinference. In sucha case,one could considerthe
problemto be that of texture interpolationin thatit is required
to fill in’ the missingregion with someplausibletexture. Inter-
estinglyenoughoneproblemin film restorationthatof removing
line scratchess almostidenticalto theproblemof filling-in, since
theline scratchpersistdn thesamdocationbetweerframes.Thus
it is possibleto proposefilling in’ algorithmsfor reconstructing
the missinggap degradedby the line [1, 2]. The algorithm de-
scribedherecanbe usedin thatfashion.

*This work was fundedin part by the AURORA and BRAVA EU
Projectsduring1998-2002

In mary real degradedvideo sequenceg transpireghatit is
simply not possibleto model the motion betweenframeseffec-
tively in all circumstancesThis is becausépathologicalmotion”
casesalwaysoccurin aninterestingsequenceThis kind of phe-
nomenomanifestsn moving cloth (e.g.flappingrobes)andrapid
self-occlusiondueto fastmotion of objectslike peopleor water
Thesemotionsare simply not possibleto modelin ary practical
video framework suitablefor archive video restoration.Attempt-
ing atemporalreconstructiorof missingdatain thoseregionse.g.
Dirt on a patchof imageundegoing pathologicalmotion, invari-
ably introduceddisturbingartefictsbecausef this problem. It is
still however, possibleto solve the problemby combiningspatio-
temporalreconstructiorwith purely spatialinterpolationschemes
in theseregions. A practicalsystemwould thereforeemploy aspa-
tial reconstructiorstageasafallbackmodewhenmotionbecomes
difficult to handle. A further point supportingthe useof spatial
reconstructiorfor videois thatthereconstructiorof smallregions
is “lessrisky” whena spatialprocesds usedthanwhena tempo-
ral procesds used,sinceoneis lessrelianton successfumotion
estimation.This paperpresentsesultsfor the difficult caseof re-
constructingelatively largeareasusingthe new algorithm.

1.1 Background

‘Filling in” hasbeendiscussedn early literatureunderdiffer-
entnamese.g. Strohmeiin 1997[3] presente@frequeny domain
methodfor “Reconstructionof irregularly sampledimages”, Hi-
rani[4] in 1996 presentedimilar work on “Fastinteractive noise
removal’. Recentlythis problemhasbeenreceving greatemtten-
tion in the literaturee.g. Efros et al[5], Bertalmioet al [6]. The
processs alsocalled‘Inpainting’. This problemof ‘filling in’ is
relatedto the problemof texture synthesisor resynthesigs, 7]. In
thegenerakaseof texture synthesisatypical problemis to take a
smallsampleof textureandusethatto cover amuchlargerregion
in anotheimage.To relateanddefinethetwo genreof work more
clearlyit is possibleto define‘Inpainting’ or ‘Filling In’ asatex-
turegeneratiorprocesswvith boundarycondition$ andtheprocess
of Texture synthesior resynthesiss a texture generatiorprocess
without boundaryconditions.

Thetexturegeneratioralgorithmsthathave beenproposedhus
far could be consideredo fall into two classesparametric’and

1Theinterpolatedor filled in region should‘blend smoothly’ with the
restof theimage.
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Figure 1. The geometry of typical 2D AR

neighbourhoods. The leftmost support is
that of a 3 tap causal model. The middle
geometry is semicausal and there are four
pixels that are used in the prediction of the
pixel at the site o. The offset vector s q; are
-1, 0], [-1, —1].[0, —1], [1, —1]. The cor-
responding linear prediction coefficients are
ai,az,a3,04.

‘non-parametric’ The parametricclasstendsto containdetermin-
istic algorithmse.g. Strohmer3], Hirani etal [4], while the non-
parametricclasscontainsstochastialgorithms[8].

This paperintroducegheuseof 2D Autoregressie modelsfor
‘filling in" and texture interpolation. As suchit is a paramet-
ric processput by posingthe problemasthat of estimatingthe
p.d.f. for the underlyingtexture, it is ableto generatehe texture
stochastically This avoids problemsof ‘flat’ or ‘over blurred’
textural reconstruction.Typically, filling in algorithmstendto be
computationallydemandingbut becauseof the structureof this
framework, afastalgorithmcanbedeveloped.The useof MCMC
(theGibbssampler)is exploredto enablea computationallytrivial
iterative procesdor interpolation.

The following sectionsfirst introducethe generatie image
model,thenillustratehow it could be usedfor texture generation
and‘filling in’ by incorporationinto a Bayesiarframework. Note
thatthereis no claim herethatthis papercontainsan exhaustve
comparisionwith the wide classof texture synthesisalgorithms,
especiallysincethe paperis concernedvith ‘interpolation’ asop-
posedto synthesior generationandexhaustve comparisions a
never endingexercise. The paperpresents hev method,articu-
lated undera statisticalframewvork. Theideais to introducethe
useof a computationallyattractive implementatiorof thesekinds
of modelsto theimageandvideoreconstructiorcommunity

2 The generative model

It is assumedhat the underlyingimagegeneratiorprocesss
2D autorgressie (AR). Thusapixel in theoriginal, cleanimage,
I(x), wherex is a spatialpositionvector canbe modelledasfol-
lows

P

I(x) = ) ar(x)I(x + ax) + e(x) 1)

k=1

A particularpixel atsitex is thereforepredictedby alinearcom-
bination of pixels in the currentframe plus an addedexcitation

or residualerrore(x) ~ N(0,02(x)). The P coeficientsof the
modelare denoteday for k = 1...P. The pixels usedin the
predictionare called the supportor neighbourhoof the model
andaremappeddy the P spatialoffsetvectorsqy. Typical model
geometrieaareshavn in Figurel. Notethatthemodelparameters
arenon-stationary(they area function of positionx) in orderto
capturethe statisticalnon-stationarityin interestingimages. The
model parametersire o2, anda (arrangedn a vectorof P 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
containingthe missingdataasshavn in Figure?2. Let i, contain
theknown pixels,andi,, thepixelsto beestimatedtheinner2 x 2
block in Figure 2) , or synthesised Let 8 representa vector of
modelparameterfa, oZ].

Ultimately, we would wish to manipulatep(i., 8|iz) to select
aninterpolant(estimateof i,,), iz AND the modelparameterd,
at the sametime. Assumingthati,,, 8 areindependenvariables,
therequiredprobability expressiorcanbewritten as

Connectionswith previous work can be establishedat this
point. Efrosetal emplg/s theempiricalmeasuementof thedistri-
butionp(i. |ix ) usingsurroundingmagedata.Herewe useinstead
aparametridorm for thedistribution via the 2D AR model,hence
we do notrequireasmuchimagematerialto ‘learn’ the necessary
distribution. StrohmerandHirani usean estimateof spectralcon-
tentto generatemissingtexture. The2D AR modelcanbeconsid-
eredto summarisall spectrainformationwithoutmodellingeach
spectrakoeficient. Additionally, we do notneeda patchtemplate
(Hirani), becausenodelestimationis built in to the problem.

To proceedspecificexpressionsrerequiredfor thelikelihood
andpriorsin the equation2 above. A uniform prior is adoptedor
p(a) andp(i,), hencep(d) o p(o?), andp(i,) is aconstant For
theresidualvariance a Jeferiesprior is used:p(c?) oc 1/0Z2. The
Likeihoodis examinednext.

3.1 TheLikelihood

Considerablockof B x B pixels(containingbothknown and
unknawvn sites). Within this block e(x) ~ A(0, o2) for asubset
of pixel siteschosersuchthatthe predictionsupportfor eachsite
doesnot extend outsidethe block. Seefigure 2 for B = 4, and
a 3 tap causalAR model. By rasterscanningpredictionerrorsor
residualdnto e it is alwayspossibleto expressthis residualerror
in differentforms.e = Ai = Agi; + A,i,. WhereA is amatrix
of modelcoeficientsarrangedso that Ai implementsthe convo-
lution of the predictionerrorfilter (definedby equationl) with all
the datain the block arrangedasa vectori usingrasterscanning.
Therefore the likelihood canbe written in a few alternateforms



w N B O

Figure 2. A 4 x 4 block of pixels showing a
missing 2 x 2 inner block. Prediction errors
are obser ved at sites marked with e, and these
errors are raster scanned to create the vector
€.

sincep(ix|-) o p(e). Theform neededor filling in’ is asfollows

. e 1T . .
pila(x),0?) x exp (— At + Aulu;a[zAklk e Aulu])

©)

4 Inter polation/Filling In

The Gibbssampleiis usedto solwve for i,,, 8 in the expression
2. Startingfrom aninitial parameteestimate(which may be 0),
thesamplemproceedsteratively draving randomsamplegor each
variablein turn. Herethe sampleris alteredto samplefor both
a,o? atthesametime.

(a,02) ~ p(8li); iu ~ p(iu|6, i) (4)

Theseconditionalexpressionamay be derived by integrating
the posteriordistribution [9] in equation2. In addition, the first
joint samplecanbe achiezed using compositionsamplingwhich
requiresfirst draving a samplefor o2 then using that sample,
drawing asamplefor a asfollows.

p(oz]i) = IG((N — P)/2,E(4,i)/2) (5)
p(ali,0?) = Np(a,02(IT)7") (6)

whereE(:) is the sumsquaredpredictionerrorin a block using

the LeastSquare®stimateof the coeficientsa.
Theconditionalfor i,, canbederivedby completingthesquare

[9, 1] in theargumentof theexponentof thatequation3 andyields

pliulix, a,02) = N(iu, 00 [AL ALY 7)
wherei, = [ATA,]7'AT ALk ®)

Hencethe MAP estimatefor the missingdatais iv. In this
caseit is identicalto the LeastSquaresnterpolant. MAP recon-
structiongendto look ‘f aded’'whenusedin the presencef heary
texture. Instead we areinterestecherein usingthe sampledrom
the Gibbs sampler This sampleis usedasthe interpolantto fill
in the missingregion. The recipefor drawing a samplefrom a
multidimensionalGaussiardistributionis foundin [9, 1].

Direct solutionfor i, is computationallydemandingbecause
of theneedto invert [AfAu]. For instance a missinggapof size
8 x 8 pixelsandasimple3tapcausalkD AR model,requiresof the
orderof 642 4+ 102 x 20 operationsn total. To improve efficiengy,
afastalgorithmis discusseahext.

4.1 A pixel update algorithm

The problemis thatof draving sampledor the pixel datathat
constituted,,. By usingthe Gibbssamplerthis drav canbe de-
composednto draws for eachpixel iteratively asfollows.

du1 ~ Pliut|i-u1,0); duz ~ pliuz[i-u2,9);

wherei, is thefirst missingpixel in a scanof the data,i,2 the
secondandsoon. i, representthecurrentstateof all theimage
dataaroundthepixel to betreatedegardlesof whethelit contains
missingpixels or not. This sequencef operationscorvergesto
samplesrom p(i. |8, ix).

Sinceat eachiteration,only onepixel is missing,i,, becomes
a single pixel samples,,. Eachconditionalis nowv a univariate
Gaussianandso A, — a, etc. ThereforeAT A, becomesa
scalarzfzo a? (ao = 1.0), makinginversiontrivial.

5 The final algorithm

To adaptto spatially varying imagestatisticsthe imageis di-
vided into blocks of fixed size and the samevalue for 8 is used
throughouteachblock. Therefore,the model parameterestima-
tion processs conductedon a blodk basisandthefilling process
conductedn a pixel basis The startingestimatefor the missing
datais justthe meanof the pixels surroundinghe‘hole’.

1. Selectablocksize N x N, for 8 estimation.Selecta model
orderandcausality Thereare P pixelsin the supportused
by themodel.

2. BLOCK BASED MODEL ESTIMATION

(a) ForeachblockDO:

(b) Calculatethe leastsquaredestimatefor a using the
NormalequationsCalculatehepredictionerrorin the
block usingthe estimatedh.

(c) Usingthesevaluesdrav asamplefor themodelcoef-
ficientsa, andpredictionvariances? usingequations
5 (InvertedGamma) and6 (Gaussian)n that order.

3. PIXEL BASEDFILLING IN
At eachmissingpixel site DO:

(a) Lookup the model coeficientsfor the corresponding
block

(b) Calculatez, accordingto equation8 usingthe previ-
ouslygeneratedampledor 8 for the givenblock.

(c) Generateasampleof themissingdataatthatsiteusing
b + 1 X A/ a2 wherer ~ N(0,1).

4. Repeasteps2,3for L iterations.

In practicea checlerboardmagescanfor filling in givesbetter
cornvergencethana consecutie rasterscanpattern.



6 Picturesand Performance

Figure 3 shaws a textured image (of size 220 rows and 310
columns)uponwhich three patchesof blue have beendrawvn to
simulatemissingareas.Figure 3 shavs on the top right resulting
reconstructiorwhenthe algorithmabove is appliedandthe 50th
sampleis usedasthefilled in texture. The synthesisedexture is
shawvn to be extremelywell matchedo the restof theimage. A
block sizeof 32 x 32 wasusedwith a semi-causamodelof 10
taps. The supportgeometryis similar to the semi-causamodel
showvn in Figure 1 exceptusing a borderof 2 taps. The colour
reconstructionvas achiezed by processingY,U,V colour planes
separatelyThereareabout4600missingpixelsin thisimage,and
using ‘researcherC coding’ the algorithmtook just lessthan 1
secperiteration(includingbothmodelestimationandpixel filling
overthewholeimage)to executeonaPlll 300MHz PC.

The secondrow shaws on the left the original (clean)image
andon theright the averageof thelast40 sampledrom the Gibbs
sampler Theright handimageis anMMSE estimateof theunder
lying texture andcanbe seento be moreblurredthanthe sample
shavnin thetoprightimage.Thesamplein thetoprightis almost
indistinguishabldrom the cleanoriginalimage.

The third row shavs from left to right the 1st, 10th and40th
texture samplesfrom the Gibbs Sampler As canbe seen,con-
vergenceis almostachiered after just 10 iterations. The bottom
row shaws on the left the differencein the Luminanceplanebe-
tweenthe 50th texture sampleandthe original (clean)image(the
differenceimageis offset so that mid-grey is O difference). The
differenceis quite large. This is sensiblesincethereis no rea-
sonthata samplefrom the p.d.f. of the underlyingtexture should
exactly matchthe original datathatwasin thatgap. The bottom
right plot gives someideaof the MSE betweeneachsampleand
the zerothiteration(i.e. the dirty picture). Using MSE asa mea-
sureof convergencewould thereforeimply that corvergencehas
beenachieredfrom aboutthe50thiterationsincethe sampleMSE
becomesnorewell distributedafterthatpoint.

Figure 4 shavs threeexampleswith more varied picture con-
tent.In all casegshe samemodelwasusedasabove, but for longer
runsof iterations:500. Forthetopmostrow, ablocksizeof 16 x 16
wasusedwhile for theotherpicturesblocksizesvere32 x 32. The
splodge®nthehousen thetop two rows arewell removedby the
algorithm.However, atboundariebetweertwo textures thereare
problems.Thereadercanseefor instancen the edgeof the slate
roof atthetop of theimagesn thefirst row thatthereconstruction
is alittle blurred. A similar problemhappensat the edgeof the
window framein the picturesin the secondrow. This is dueto
the fact that the imagehasnot beensegmentedaccordingto pic-
turecontent.In eachcase a singlesetof parameterss beingused
to generatdaexture to traversetwo differentregions. This causes
ohviousdifficulty.

The lastrow in figure 4 gives an exampleof picture editing.
Thechainsupportingthe two bicyclesin the foregroundhasbeen
delineatedy handandthenthealgorithmusedto remove thefea-
ture. The resultis good, but againshavs someslightly strange
behaiour wherethe bicyclesandchainoverlap. This againis ex-
pectedsincea singlesetof parameterss beingusedto copewith
two differenttexturesin thosesituations.

7 Final Comments

This paperhaspresentec statisticalparametridramework for
texture resynthesior filling-in. It hasbeenshown that the 2D
AR modelcanbearticulatedwithin this framework to yield useful
texturalreconstructionA fastalgorithmhasbeenexaminedwhich
removesmuchof the computationatlistresscausedyy usingma-
trix algebrain derwing the process.

It would be usefulto allow this algorithmto adaptto the im-
agedetailsmoreflexibly thanon ablock basis.This would imply
the solution of a simultaneousegmentation/estimatioproblem.
Currentwork revolvesaroundexamining multiscaleimplementa-
tionsin an attemptto increasespeedand decreasé¢he sensitvity
to block sizes.

Theschemeresentedh this papetholdsmuchfuturescopeor
generalisatioror combinationof theideaspresentedby Strohnmey
Hirani et al, Efros et al and Bertalmio et al; while still retaining
the notionof ‘stochastictexture sampling’.
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Figure 3. Top right: Performance of the algorithm in removing the blue swathes in the top left image.
The clean original image is shown 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 shown
in the bottom left hand image. See the text for an explanation about the other pictures shown.




Figure 4. Left: Pictures showing regions to be removed. Right: Filling in using the same parameter s
as for the previous example. The bottom pair shows an example of removal of an object in an
image in this case the chain suppor ting the bicycles. Excepting the top row, the pictures have been
subsampled to meet ECCV filesiz e limits.




