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ABSTRACT

This paper investigateghe useof the Bayesianinferencefor de-
vising an example-baedrendeing procedue. As prior modelof
this Bayesianinference we exploit the multiscalenon-paiametric
modelrecentlyproposel by Wei et al. for texture synthesisThis
modelappeas to beinterestingto also captule somecharacteris-
tics of a renderingstylefrom an artistic illustration example Ob-
tainedresults,with a prior modelcapturingthe renderingstyleof
drawingsamplesor trainedwith syntheticandreal input textures,
are presentedOur resultsindicate that the proposedmethodal-
lows to simulateautomaticsynthesiof variousillustration style
More geneally, the proposedschemeis ableto re-renderan input
imagein thestyleof an otherimage allowing, in thisway;, to create
averybroadrange of artistic andvisual effects.

1. INTRODUCTION

In the pastfew years,therehasbeena greatdeal of research
work in creatingartistic stylesby compuer. This field of research
is known as Non-Photorebstic Rendering NPR).Thesemethods
referto arny imageprocessingechniquesvhich cantransforman
imageinto a specificartistic styles(or morepreciselythat suggest
an artistic style) suchasink painting, pointillist style, engraing,
stylizedhalftoning,charcoaldraving, etc.,or, moregenerallyin a
style otherthanrealism.All of the methodpropcsedby the com-
putergraphicscommunityare generdly specificallytailoredto a
particularrenderingstyle and/orarepurelyalgorithmictechniques
(see[1] for aexcellentreview of existing NPRtechniqus).

Recently Efrosetal. have proposedaninterestingnonparame-
tric modelto synthesizetextureof arbitrarysizefrom agiventex-
ture sample Contraryto classicalparametrionodels(often based
on Markov Randaon Field (MRF) Modéds), their approat, impro-
ved by a multiscalesamplingtechniqueintroducedby Wei et al.
[2], is simple,intuitive andworkssurprisinglywell evenfor awide
variety of comple textures.The synthesizedextures(cf. Fig. 1)
remainvisually similar to the original andseemto comefrom the
same(undelying) generatie processastheoriginal input sample.
This model allows to efficiently capturethe local and global vi-
sualcharacteristicef acomple inputtextureandthusseemslso
well suitedto capturesomecharacteristicef aparticularrendering
stylefrom anartisticillustrationexample.

Subjectto finding a probalilistic formulationfor the Wei's mo-
del and to expressit as a prior knowledge, Bayesianstatistical
theory is a corveniert tool to take this a priori knowledgeinto
consideratiorfor arenderingprocedue. Applied with successto
imageseggmentationrestoratior|3], surfacereconstructior4], vi-

sual motion analysis[5], etc.,the Bayesianmethoddogy allows
to efficiently combinea prior modelthat expresseghe prior cha-
racteristicsof the solutionto be estimated(i.e., the imageto be
re-renderedn our application)with a statisticalmodeldescribing
theinteractionsbetweerthis solutionandaninput obsenration (or
a drawing sample).This Bayesianmethoddogy appearshus to
be well suitedto re-renderaninputimagein the style of an other
image.

This pape is organizedasfollows. In Section2, we provide a
brief overview of themodelintroducedby Efrosetal. andwe find
aprobabilistic formulationto their samplingprocedureSection3
and 4 exploit this modelas prior modelin a Bayesianrendering
procedire andpresenthe coarse-to-fingecursve enegy minimi-
zationproblemrelatedto this techniqwe respectiely. Finally, ob-
tainedresults,with a prior model capturingthe outpu rendering
style of draving samplesor learnedon texture samplesare pre-
sented.

2. PREVIOUSWORK AND PRIOR MODEL

RecentlyEfros al. [6] have propcseda non parametricmodel
to synthesizean outpu imagefrom a given input texture sample.
Their appro@h works surprisinglywell for a wide rangeof tex-
tures.Their algorithmconsistof thefollowing steps

e The outputimageis initialized with a randomnoisewhose
histogramis equalizedwith respecto the oneof theinput sample.

e For eachpixel in the outputimage,in scan-lineorder the
already-sythesizedraluesin neighlorhoodof currentpixel z of a
specific(fixed)size(N (z)) is consideredandis comparedvith all
possibleneightorhoodsV (z) from inputsample Thevalueof the
input pixel z with themostsimilar N (z) is thenassignedo z.

The similarity of the two considerecheighborlwodsis compu-
tedaccordingto the L, norm.In orderto obtaingoodsynthesise-
sults,thesizeof theneightbrhoodmustbelargeenowghto capture
thescaleof thetextureelement®of theinputsample Althoughthis
searchingprocesss deterministicthe randomaspecbf eachsyn-
thesizedtexture is ensuredby the initial randomnoise(first cau-
sing the boundary pixels to be assignedsemi-stochasticallyand
thenusingthesefirst assignmets asa seed).In this method,the
input texture is modeledasa MRF. This assumeshatthe Proba-
bility Distribution Function(PDF)of brightnessraluesfor a pixel
depersonly of the brightnesssaluesof its spatialneighbas. Ba-
sedon this MRF model, a stochasticsamplingwould consistin
construding an approximaion of P(z/N(z)) for a given N(z)
(e.g., by using histogrammingtechniqgwe over the input textural



sample)andthensamplefrom it with a Gibbsor Metropdis sam-
pler [3]. Dueto the exponeriial grownth of amourt of datarequi-

redto empirically estimatea d-dimensonal PDFwhend (numbe

of neighbas) increasesthis estimationtechniqte is not possible
in the caseof aninput sampleof small size.Unlike MRF-based
stochasticampling Efros’s algorithmis completelydeterministic
and avoids explicit conditional probablity constructionand sto-

chasticsampling.By usingadequatelysizedneighbahood,theal-

gorithm produ@ssurprisinglygoodresultsbut remainsvery slov

sincea full searchof the input imageis requiredto synthesize
every pixel. This compuationalloadis all themoreimportantthat

theinitial texture containdarge scalestructureandwe have to use
large neighborioods.

To copewith theseproblems,Wei et al. [2] have proposeda
multiscale synthesis schemeinvolving a pyramidal structure of
synthesizedmagesand a multiresolution(Gaussianpyramid for
the set of input images.From coarseto fine, eachlevel of the
pyramid is synthesizedas in Efros’s algorithm, except that the
considerecheighbortood usesspatialadjacen sitesand sitesbe-
longing to the coarserscale.This method,combinedwith a tree-
structuredvectorquantizatiorto acceleratehe searchfor the nea-
restneighba, allows to use smallerneightorhoodand thus dra-
matically increaseghe speedof the synthesigprocess.This mo-
del is similar to the ScaleCausalMultigrid modelwe have pro-
posedin [7] [8] for the sonarimage sggmentationissue.Never
thelessthetechnique introducedin [7] involved a parametriano-
delin which the conditionalPDF wasexpresse within anenegy
functionwhich consistof a sumof local interactionpotertialsin-
volving a few parametergcalledclique parameters)Wei's model
is non-paranetric and offers the opportunityto capturevery ef-
ficiently the larger scalecharacteristicef a given texture sample.
Exampleof this synthess algorithmon acomple textureis shavn
in Fig. 1. Thesynthesizedextureis very similarto theoriginaland
seemgto comefrom the same(underlying) stochastiqprocessas
theinputtextural sample.

FIG. 1-Wki etal.’stexture synthesislgorithm. Theresultingtex-
ture (right) is synthesizedt twice the size of the original input
sample(left) (see[2] for more examples).

Let us now find a probabhlistic formulationto the Wei's sam-
pling procedue. To this end, let us consider at full resolution,
a couple of randomfields (X, Z), with Z = {Z,,s € S} and
X ={X,, s € S}, thesetof variablesassociatedo the N pixels
of the input and output texture imagesrespectrely and located
on a lattice S of N sitess. Eachof the X, and Z, take their
valuein A = {0,...,255} (i.e., the setof grey levels). A par
ticular configurationfor Z (the synthesizedexture) is given as

{Z1 = z1,...,Zn = z,} Which is abbreiatedto z(= {z.}) for
corvenience All possibleoutputimagesz are containedwithin
the configurationspace = A Let P, x (z/z) thedistribution
measuren 2 andlet usdefine,

Payx(z/z) = o exp{ = 3 (min D(N (@), N(z2)) }, - ()
g sES pe

where D(.) is the L, distanceand Z, is a normalizingconstant
(depemling on z only). Fromdistribution (1), we cansynthesizea
texture or a particularrealizationof z by a StochastidRelaxation
(SR) procedue [9]. This is dore by startingwith any imageand
iteratively updatingpixelsin the imagewith respecto the Local
Conditiond PDF(LCPDB),

P, izl N(z2)) = - exp{~min D(N(z,), N(z)) }

where Z; is the local partition function and depen@énceon X
is omitted for corvenience.A well-known SR algorithm is the
Gibbs sampler[9] propcsedby Gemanet al. An alternatve ap-
proachto this stochasti¢andthuscomputationfly expensve) pro-
cedurds thelterative Conditiond Modes(ICM) introducecdby Be-
sag|[3]. Using (1), this methodconsistsin finding for eachsite,
and until corvergerce is achived, the value z; that maximizes
P(z:/N(zs)). Fromanalgorithmicpoint of view, this procedue
is similarto the Wei et al. procedire,exceptthatthe ICM process
hasto be repeateduntil corvergenceis achiezed (and generally
more than one pass).This shavs that Eq. (1) provides an inter
estingprobabilisticformulation of a non parametricprior model.
This prior modelwill beexploitedin thefollowing, via aBayesian
inferencejn ourrenderingprocedue.

3. BAYESIAN INFERENCE

Let now Z representshe setof hiddenvariables(theimageto
be synthesizedvith renderingeffect in our application),and?Y’,
the obsenation variables(theinputimageto bere-rendered)The
generd Bayesianinferencedefinedby Besag[3] consistsof the
successie stagesoutlinedbelow ;

e Construciof aprior PDF; Pz(z) whichrepresentsurinitial

prior knowledge on the solution.
e Combinethe obsenationvariableswith theabosementioned
prior modelthrougha conditionalPDF; Py, z (y/z).

e ComputetheposteriordensityPyz,y (z/y) fromthepriorand
the condtional probalility by Bayestheorem
Pz/y (2]y) < Pz(z) Py/z(y/z).

Finally, choosea criterionbasedn this posteriomprobalility, in
orderto definethe“best” z giveny. In Bayesiaranalysisall kinds
of inferenceare madefrom Pz, v (z/y). Finding the Maximum
A Posteriori(MAP) estimatei.e., the occurrenceof z thatis the
mostlikely, is oneof themostfrequentlyusedchoiceof inference.
For P,y (z/y) x exp(—U(z,y)) andfor some“enemy” func-
tion U, this MAP estimationproblemis equialert to an enegy
functionminimizationproblem; 2y, =arg min,cq U(z,y). The
enegy function U(z,y) involves two comporents. One arising
from Pz(z), which encodesconstraintson the desiredsolution.
It isthea priori enegy term.In our Bayesiarrenderingnodel,we
can efficiently exploit the prior model expressediy Eq. (1). The
otherone, stemmingfrom Py, (y/z), expresss the interaction
betweenthe hiddenvariablesandthe obsened data.In our appli-
cation,we candefine,for this (so-called)likelihood enegy term,



alikelihoodmeasuref visual differencebetweerthe obseration
andtheimagez to be synthesizedy constraintsMore precisely
we usethe following differencemetric betweenpixel valuesof z
andy,

Py/z(y/z) = % eXp{—QZ(ys - zs)z},

sES

= se{ B (DN NGE) ) @

sES

7 exp{ =8 X min (D(V(u), M) }.

Q

with 8 = o/|N(.)|, |N(.)| designateshe numberof neighbors
and Z' is a normalizingconstam. Using this likelihood and the
prior model given by Eq. (1), we can expressthe mostprobable
MAP configurationZyae knowing y andz ; Zuar = arg max;co

Pz,v(z/y). Equialertly, the correspoding posteriorenegy to

beminimized,atfull resolution,is,

Uz, y,2) =

Z ;neiE{D(N(xp)’ N(zs)) +8 D(N(.’I:p), N(ys))}'

4. COARSE-TO-FINE ESTIMATION

Dueto themultiscalestructureof themodelandthescalecausal
specificatiorof the neighlorhood,we have in factto dealwith the
following coarse-to-finerecursve enegy minimization problem

(8],

U'(,y,2) =

whereS' definethe setof pixels at resolutionlevel I. Eachof the
associate@negy canbeefficiently solvedwith anICM algorithm
[3]. Like for otherhierarchicalapprozhes, the advantagsof this
methodare twofold. From a modelingpoint of view, this hierar
chical stratgy offers an appealingability to capturea priori cha-
racteristicsof the (underlying generatire) stochasticprocesswi-
thin arangeof differentscalesFromanalgorithmicpoint of view,
contetual informationis propagtedin a more efficient way [8].
Besidesmultiscale optimization techniquehas shavn to exhibit
fastconvergerce propertyandrobustnessgainstocal minimafor
highly non-linea combination&a problems(estimationresultsare
nearly comparableto those obtainedby stochasticoptimization
procedues)[5]. 8 is the factorthat providesa relative weighting
betweerthe two enegy terms(for 8 — oo, we find the optimiza-
tion problemrelatedto the multiscalesamplingtechniquepropo
sedby Wei etal. in [2]).

5. EXPERIMENTAL RESULTS

In a preliminary step,we stretchthe histogramof the input
imagey in orderto get the sameminimal and maximalgrey le-
vel valuesof the input texture samplez. Then, the input image
andthe texture sampleare decompagedinto multiple resolutions
by building two Gaussiarpyramids Eachlevel or imageof these
pyramidsis consideredasbeingtoroidal. This assumptiorallows
to handleneighlorhoodsnearthe imagebourdaries.We cornvert

the inputimagey andthe input samplez in grey level valuesfor
theGaussiamyramidconstructios. Conseqently, only grey level
valuesareusedfor the searchingorocessColor canbe simply re-
coveredby copying the R, G andB chanrelsat full resolutionfor
eachselectedpixel by the searchingprocessWe usethreelevels
of pyramid (L = 3). For thefirst coarse-tdine samplingprocess,
we usea 7 x 7 spatialand causalneighlmrhoodin the fine level
with asymmetrich x 5 spatialneighbahoodin thecoarsdevel. A
symmetrichx5 neighborlvodin thefine andcoarsdevelsarethen
usedfor the otherpasse®f thealgorithm.

In orderto eliminatethe differenceof contrastbetweenr and
y, we use,insteadof D(N(z,), N(ys)) in Eq. 3, the following
measure,

D(yN(zp) + (1 —7)N(zp), N(ys)),

whereN(z,) designateshe meanof pixel valuescontainedn the
neightorhoodof z, and~ is a parameter(€ [0, 1]) allowing to

normalizethe local variancebetweenz andy. Finally, we usean
Approximate-Nearest-Neighbaearchtechnique[10] to accele-
ratethe searchof the conditiond modeof the ICM procedire,i.e.,

the configurationcorrespoding to the maximumof the LCPDE

Finally, for eachcoarse-to-fingpassof the multiscalelCM we re-

build the hierarchyof estimationz®, . . ., 2~ from 2° with a Gaus-
sianpyramid.

Several examplesof Bayesianrenderingresultsare shavn in
Figs 2 and 3. In theseexamples,we try to transfersomeartistic
renderingstylesfrom adraving imageto aninputrealphotogra.
In thesecasesthe multiscaleprior model usedin our Bayesian
procedire allows to efficiently capturethe local andglobal visual
characteristic®f the line drawing texture, the halftoningtexture,
thecharcal penstyleor theink paintingeffectrespectiely of the
input sourcedraving. We alsopresenthe resultsof our Bayesian
Renderingmethodwhenthe prior modelis trainedwith aninput
textural sample(cf. Figs4). Obtainedresultsshow thatthe propo-
sedmethodallow to constraintan input imagetowardsan image
with the samelocal andglobal characteristicef the input texture
sample 8 allowsto controltheweightingbetweertheintrinsic vi-
sual characteristicof the input image and the characteristicof
the texture sample.The samplingprocesgakesabout2 hoursper
imageon a400Mhz PCworkstation.In additionto a renderingor
a stylizeddepictionprocedurethe propcsedtechniquemay even-
tually be applicableto a muchbroaderof application,suchastex-
tural morphing texture mixing algorithmor in orderto createa
very broadrangeof visual effects.

6. CONCLUSION

In this paperwe have presented statisticaimethodfor theren-
dering problem.We have statedthis problemin the Bayesiarfra-
mework andexploitedthemultiscalenonparametrianodelpropo-
sedby Wey et al. asprior modelof this Bayesianinference.This
prior modelhasshawvn itself to bewell suitedto efficiently capture
thelocal andglobal visual characteristic®f a complex input tex-
tureor to capturesomecharacteristicef arenderingstylegivenby
anartisticillustrationexample . Combinedwith alikelihoodmodel,
the resultingBayesiarrenderingprocedire allows to constrainta
given imagewith the visual characteristic®r the (artistic repre-
sentation)style of an otherimage,yielding a very broadrangeof
interestingvisual effects.

11‘ cf. Http :www.iro.umontreal.cat mignotte/ICPR02/for additionalexamples.



FiG. 2 — Drawingimage with respectivelyhefollowing rendering
styles hatching, pointillist, charcoal drawing Real photayraph
and Bayesianrenderingresults(3=1) basedon ead drawing
examplé.

FiG. 3—Drawingimage with theink paintingstyle original image
andBayesiarrencering resultt.

(1

FiG. 4 — Texture sample(respectively fire, water clouds,satin).
Realphota@raph.Bayesiarrencering results(4=3) basedon eadh
textural sample'.
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