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Figurel: Ourtexturegeneratiorprocessakesanexampletexture patch(left) andarandomnoise(middle)asinput,andmodifiesthis random
noiseto male it look like the givenexampletexture. The synthesizedexture (right) canbe of arbitrarysize,andis perceved asvery similar
to thegivenexample.Using our algorithm,texturescanbe generatedvithin secondsandthe synthesizedesultsarealwaystileable.

Abstract

Texture synthesiss importantfor mary applicationsin computer
graphicsyision, andimageprocessingHowever, it remainsdiffi-
cult to designanalgorithmthatis bothefficientandcapableof gen-
eratinghigh quality results. In this paper we presentan efficient
algorithmfor realistictexture synthesis.The algorithmis easyto
useandrequiresonly a sampletexture asinput. It generatesex-
tureswith perceved quality equalto or betterthanthoseproduced
by previous techniqueshut runstwo ordersof magnitudefaster
This permitsusto applytexture synthesigo problemswhereit has
traditionally beenconsideredmpractical. In particular we have
appliedit to constrainedsynthesisfor imageeditingandtemporal
texturegenerationOur algorithmis derived from Markov Random
Field texture models,andgeneratesexturesthrougha determinis-
tic searchingprocess. We acceleratehis synthesigprocesausing
tree-structuregtectorquantization.
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1 Introduction

Textureis aubiquitousvisualexperiencelt candescribeawide va-
riety of surfacecharacteristicsuchasterrain,plants,minerals fur
andskin. Sincereproducinghevisualrealismof therealworld is a
majorgoalfor computegraphicstexturesarecommonlyemplo/ed
whenrenderingsyntheticimages. Thesetexturescanbe obtained
from a variety of sourcessuchashand-dravn picturesor scanned
photographs.Hand-dravn picturescan be aestheticallypleasing,
but it is hardto make themphoto-realistic.Most scannedmages,
however, are of inadequatesize and canleadto visible seamsor
repetitionif they aredirectly usedfor texturemapping.

Texture synthesiss an alternatve way to createtextures. Be-
causesynthetictexturescanbe madeof ary size,visual repetition
is avoided. Texture synthesiscanalsoproducetileableimagesby
properlyhandlingthe boundaryconditions. Potentialapplications
of texture synthesisare alsobroad; someexamplesareimagede-
noising,occlusionfill-in, andcompression.

The goal of texture synthesiscanbe statedasfollows: Givena
texture sample,synthesizea naew texture that, whenperceved by
ahumanobserer, appearso be generatedyy the sameunderlying
stochasticprocess. The major challengesare 1) Modeling- howv
to estimatehestochastiprocessrom a givenfinite texturesample
and2) Sampling-how to developanefficientsamplingprocedurdo
producenew texturesfrom a given model. Both the modelingand
samplingparts are essentiaffor the succesof texture synthesis;
the visual fidelity of generatedextureswill dependprimarily on
theaccurag of the modeling,while the efficiengy of the sampling
procedurewill directly determineghe computationatostof texture
generation.

In this paper we presenta very simple algorithmthat can ef-
ficiently synthesizea wide variety of textures. The inputsconsist
of an exampletexture patchand a randomnoiseimagewith size
specifiedby the user(Figure1). The algorithmmodifiesthis ran-
domnoiseto maleit look like thegivenexample.Thistechniquas
flexible andeasyto use,sinceonly an exampletexture patch(usu-
ally aphotograph)s required.New texturescanbe generateavith
little computationtime, andtheir tileability is guaranteedThe al-
gorithmis alsoeasyto implementithetwo majorcomponentsirea
multiresolutionpyramid anda simplesearchinglgorithm.

Thekey advantagef this algorithmarequality andspeedthe
quality of the synthesizedexturesareequalto or betterthanthose
generatedy previous techniquesyhile the computatiorspeeds
2 ordersof magnitudefasterthanthoseapproacheshat generate
comparableesultsto our algorithm. This permitsusto apply our
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algorithmin areaswheretexture synthesishastraditionally been
consideredoo expensve. In particular we have extendedhealgo-
rithm to constrainesgynthesigor imageeditingandmotiontexture
synthesis.

1.1 Previous Work

Numerousapproachebave beenproposedor texture analysisand
synthesisandan exhaustve suney is beyondthe scopeof this pa-
per We briefly review somerecentandrepresentate works and
referthereaderto [9] and[13] for morecompletesuneys.

Physical Simulation: It is possibleto synthesizecertainsur
facetexturesby directly simulatingtheir physicalgeneratiorpro-
cess.Biological patternssuchasfur, scalesandskin canbe mod-
eled using reactiondiffusion ([28]) and cellular texturing ([29]).
Someweatheringandmineralphenomenoganbefaithfully repro-
ducedby detailedsimulationg([6]). Thesetechniquesanproduce
texturesdirectly on 3D meshesso the texture mappingdistortion
problemis avoided. However, differenttexturesare usually gen-
eratedby very differentphysicalprocessso theseapproachesre
applicableto only limited classe®f textures.

Markov Random Field and Gibbs Sampling: Mary algo-
rithms modeltexturesby Markov RandomFields (or in a differ-
entmathematicatlorm, GibbsSampling) ,andgenerataexturesby
probabilitysampling([7], [30], [21], [19]). SinceMarkov Random
Fields hase beenproven to be a good approximationfor a broad
rangeof textures,thesealgorithmsare generaland someof them
producegoodresults.A dravbackof Markov RandomField sam-
pling, though,is thatit is computationallyexpensve; even small
texture patchesantake hoursor daysto generate.

Feature Matching: Somealgorithmsmodeltexturesasa set
of features,and generatenen imagesby matchingthe featuresin
an exampletexture ([10], [5], [23]). Thesealgorithmsareusually
moreefficientthanMarkov RandomField algorithms.Heegerand
Bergen([10]) modeltexturesby matchingmamginal histogramsof
imagepyramids.Theirtechniquesucceedsnhighly stochasti¢ex-
turesbut fails on morestructurecbnes.De Bonet([5]) synthesizes
new imagesby randomizinganinput texture samplewhile preserv-
ing the cross-scal@lependenciesThis methodworks betterthan
[10] on structuredextures,but it canproduceboundaryartifactsif
theinputtextureis nottileable. SimoncelliandPortilla ([23]) gen-
eratetexturesby matchingthejoint statisticof theimagepyramids.
Theirmethodcansuccessfullcaptureglobaltextural structureut
failsto presere local patterns.

1.2 Overview

Ourgoalwasto developanalgorithmthatcombinegheadwantages
of previous approachesWe wantit to be efficient, general,and
ableto producehigh quality, tileable textures. It shouldalso be
userfriendly; i.e. the numberof tunableinput parametershould
beminimal. This canbe achiered by a carefulselectionof the tex-
ture modelingand synthesigprocedure For the texture model,we
useMarkov RandomFields (MRF) sincethey have beenproven
to cover the widestvariety of useful texture types. To avoid the
usualcomputationakxpenseof MRFs, we have developeda syn-
thesisproceduravhich avoidsexplicit probability constructiorand
sampling.

Markov RandomField methodsmodelatexture asarealization
of alocal andstationary randomprocess.Thatis, eachpixel of a
textureimageis characterizethy a smallsetof spatiallyneighbor
ing pixels, andthis characterizatioiis the samefor all pixels. The
intuition behindthis modelcanbe demonstratedy the following
experiment(Figure2). Imaginethatavieweris givenanimage but
only allowed to obsere it througha small movable window. As
thewindow is movedthe viewer canobsenre differentpartsof the

(b)

(a1) (a2) b)  (b2)

Figure2: How texturesdiffer from images. (a) is a generalim-
agewhile (b) is a texture. A movablewindow with two different
positionsaredravn asblack squaresn (a) and(b), with the corre-
spondingcontentsshawvn below. Differentregionsof a texture are
alwayspercevedto be similar (b1,b2),which is not the casefor a
generaimage(al,a?2).In addition,eachpixel in (b) is only related
to a smallsetof neighboringpixels. Thesetwo characteristicare
calledstationarityandlocality, respectiely.

image.Theimageis stationanyif, undera properwindow size,the
obserable portion always appearssimilar. The imageis local if
eachpixel is predictablefrom a smallsetof neighboringpixelsand
is independenof therestof theimage.

Basedon theselocality and stationarityassumptionsour algo-
rithm synthesizes new texture so thatit is locally similar to an
exampletexturepatch.Thenew textureis generategixel by pixel,
and eachpixel is determinedso that local similarity is presered
betweenthe exampletexture andthe resultimage. This synthesis
procedureunlike mostMRF basedalgorithmsjs completelydeter
ministic andno explicit probability distribution is constructed As
aresult,it is efficientandamenabléo furtheracceleration.

Theremaindeof the paperis organizedasfollows. In section2,
we presentthe algorithm. In section3, we demonstratesynthe-
sisresultsandcomparethemwith thosegeneratedby previous ap-
proachesin sectiond, we proposeacceleratiotechniquesin sec-
tions 5and 6, we discussapplicationsl|imitations,andextensions.

2 Algorithm

UsingMarkov RandomFieldsasthetexture model,the goalof the
synthesisalgorithmis to generatea new texture so that eachlo-

cal region of it is similar to anotherregion from the input texture.
We first describehow the algorithmworks in a singleresolution,
andthenwe extendit usingamultiresolutionpyramidto obtainim-

provementsin efficiengy. For easyreferencewe list the symbols
usedin Table1l andsummarizeghealgorithmin Table2.

2.1 Single Resolution Synthesis

The algorithm startswith aninput texture samplel, anda white
randomnoisels;. We forcetherandomnoisel; to look like I, by
transformingls pixel by pixelin arasterscanordering,i.e. fromtop
to bottomandleft to right. Figure3 shaws a graphicalillustration
of thesynthesigprocess.

To determinethe pixel value p at I, its spatialneighborhood
N(p) (the L-shapedregionsin Figure 3) is comparedagainstall
possibleneighborhoodsV(p;) from I,. The input pixel p; with
themostsimilar N (p;) is assignedo p. We usea simple L2 norm
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Figure3: Singleresolutiontexture synthesis(a) is theinputtextureand(b)-(d) shav differentsynthesistageof the outputimage.Pixelsin
theoutputimageareassignedn arasterscanordering.Thevalueof eachoutputpixel p is determinedy comparingts spatialneighborhood
N(p) with all neighborhoodsn the input texture. The input pixel with mostsimilar neighborhoodwill be assignedo the corresponding
outputpixel. Neighborhoodsrossinghe outputimageboundariegshavn in (b) and(c)) arehandledoroidally, asdiscussedh Section2.4.

Symbol Meaning
I, Inputtexture sample
I Outputtextureimage
G, Gaussiampyramidbuilt from I,
Gs Gaussiampyramidbuilt from I
Di An inputpixelin I, or G,
P An outputpixelin I or G
N(p) Neighborhoodaroundthe pixel p
G(L) Lth level of pyramid G
G(L,z,y) | pixelatlevel L andposition(z,y) of G

Tablel: Tableof symbols

(@) (b) ©)

Figure4: Synthesigesultswith differentneighborhoodizes.The
neighborhoodizesare (a) 5x5, (b) 7x7, (c) 9x9, respectiely. All
imagesshavn areof size128x128.Notethatasthe neighborhood
sizeincreasesgheresultingtexturequality getsbetter However, the
computatiorcostalsoincreases.

(sumof squaredifference)to measurehe similarity betweerthe
neighborhoodsThe goal of this synthesigprocesss to ensurethat
the newly assignecpixel p will maintainasmuchlocal similarity
betweenl, and I aspossible. The sameprocesss repeatedor
eachoutputpixel until all the pixelsaredeterminedThisis akinto
puttingtogethemjigsav puzzle:thepiecesaretheindividual pixels
andthefithessbetweerthesepiecess determinedy the colorsof
thesurroundingneighborhoogbixels.

2.2 Neighborhood

Becausehe setof local neighborhoodsV(p;) is usedasthe pri-
marymodelfor textures,the quality of the synthesizedesultswill

@
(b) (©

Figure5: Causalityof the neighborhood.(a) sampletexture (b)
synthesisesultusinga causaheighborhoodc) synthesisesultus-
ing anoncausaheighborhoodBoth (b) and(c) aregeneratedrom
the samerandomnoiseusing a 9x9 neighborhood.As shawvn, a
noncausaheighborhoods unableto generatevalid results.

dependon its sizeandshape.Intuitively, the size of the neighbor
hoodsshouldbe onthescaleof thelargestregulartexturestructure;
otherwisethis structuremay be lost andthe resultimagewill look
too random.Figure4 demonstratethe effect of the neighborhood
sizeonthesynthesigesults.

The shapeof the neighborhoodvill directly determinghequal-
ity of I. It mustbecausalj.e. theneighborhooaanonly contain
thosepixels precedingthe currentoutput pixel in the rasterscan
ordering. The reasonis to ensurethat eachoutput neighborhood
N(p) will containonly alreadyassignedixels. For the first few
rows andcolumnsof I, N(p) maycontainunassigne@noise)pix-
elsbut asthealgorithmprogresseall theother N (p) will becom-
pletely“valid” (containonly alreadyassignegbixels). A noncausal
N(p), which alwayscontainsunassignegixels,is unableto trans-
form I, to look like I, (Figure5). Thus,the noiseimageis only
usedwhengeneratinghefirst few rows andcolumnsof the output
image.After this, it isignored.

2.3 Multiresolution Synthesis

The singleresolutionalgorithm captureshe texture structuresby
usingadequatelsizedneighborhoodsHowever, for texturescon-
taining large scalestructureswve have to uselarge neighborhoods,
and large neighborhoodslemandmore computation. This prob-
lem canbe solved by usinga mutlresolutionimagepyramid ([4]);
computationis saved becauseave canrepresentarge scalestruc-
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Figure6: A causaheighborhooaontainingtwo levels of pyramid
pixels. Thecurrentlevel of thepyramidis shavn atleft andthenext
lower resolutionlevel is shavn atright. The currentoutputpixel p,
marked as X, is locatedat (L, =, y), where L is the currentlevel
numberand(z, y) is its coordinate At this level of the pyramid L
theimageis only partially complete . Thus,we mustusethepreced-
ing pixelsin therasterscanordering(markedasO). Thepositionof
the parentof the currentpixel, locatedat (L + 1, §, £), is marked
asy.

turesmorecompactlyby afew pixelsin a certainlower resolution
pyramidlevel.

The multiresolution synthesisalgorithm proceedsas follows.
Two Gaussiarpyramids([4]), G. and G5, arefirst built from I,
andI,, respectiely. Thealgorithmthentransformss, from lower
to higherresolutionssuchthateachhigherresolutionlevel is con-
structedfrom the alreadysynthesizedower resolutionlevels. This
is similar to the sequencén which a pictureis painted:long and
thick stroles are placedfirst, and detailsare thenadded. Within
eachoutputpyramid level Gs(L), the pixels are synthesizedn a
way similar to the single resolutioncasewherethe pixels are as-
signedin a rasterscanordering. The only modificationis thatfor
themultiresoltioncase gachneighborhoodV (p) containgpixelsin
the currentresolutionaswell asthosein the lower resolutions.An
exampleof multiresolutionneighborhoodvith two levelsis shavn
in Figure6. The similarity betweerntwo multiresolutionneighbor
hoodsis measuredy computingthe sum of squareddistanceof
all pixelswithin them. Theselower resolutionpixels constrainthe
synthesigprocessso that the addedhigh frequeng detailswill be
consistentvith thealreadysynthesizedow frequeng structures.

2.4 Edge Handling

Proper edge handling for N(p) near the image boundariesis
very important. For the synthesispyramid the edgeis treated
toroidally. In other words, if G<(L,z,y) denotesthe pixel at
level L and position (x, y) of pyramid G, thenGs(L,z,y) =
Gs(L, x mod M, y mod N), whereM and N arethe num-
ber of rows andcolumns,respectrely, of Gs(L). Handlingedges
toroidally is essentiato guaranteghat the resultingsynthetictex-
turewill tile seamlessly

For theinput pyramid G, toroidalneighborhoodsvill typically
containdiscontinuitiesinlessl, is tileable.A reasonabledgehan-
dlerfor G, isto padit with areflectedcopy of itself. Anothersolu-
tion is to useonly thoseN (p;) completelyinside G, anddiscard
thosecrossinghe boundariesWe useareflectve edgehandlerfor
all examplesshawvn in this paper

2.5 Initialization

Naturaltexturesoften containrecognizablestructuresaswell asa
certainamountof randomnessSinceour goalis to reproduceeal-
istic textures,it is essentiathatthe algorithmcaptureghe random
aspeciof the textures. This notion of randomnessansometimes
beachieved by entrofy maximization([30]), but the computational
costis prohibitive. Instead,we initialize the outputimagels asa
white randomnoise,and graduallymodify this noiseto look like
the input texture I,. This initialization step seedsthe algorithm
with sufiiciententropy, andletstherestof thesynthesigprocesgo-
cuson the transformatiorof I, towardsl,. To make this random
noisea betterinitial guessye alsoequalizethe pyramid histogram
of G with respecto G, ([10]).

The initial noiseeffectsthe synthesigprocessn the following
way. For the singleresolutioncase neighborhood# thefirst few
rows and columnsof I containnoisepixels. Thesenoisepixels
introduceuncertaintyin the neighborhoodnatchingprocesscaus-
ing the boundarypixels to be assignedsemi-stochasticallyHow-
ever, thesearchingrocesss still deterministic Therandomness
causedoy theinitial noise). The restof the noisepixels are over
writtendirectlyduringsynthesisFor themultiresolutioncasehhow-
ever, moreof thenoisepixelscontrituteto thesynthesigprocessat
leastindirectly, sincethey determinetheinitial valueof the lowest
resolutionlevel of G.

2.6 Summary of Algorithm

We summarizehealgorithmin thefollowing pseudocode.

function I, « TextureSynthesidy,, I;)
Initialize(Zs);
G < BuildPyramid(,);
Gs < BuildPyramid(s);
foreach level L from lower to higherresolutionof G5
loop throughall pixels (zs, ys) of Gs(L)
C + FindBestMatch(,, Gs, L, s, ys);
GS(L7 Ts, ys) —C,
I — ReconPyramidf,);
return I,

OCoO~NOUITWNE

function C' « FindBestMatch@,, Gs, L, x5, ys)
1 N; «— BuildNeighborhood®s, L, x5, ys);

2 Nt —null; C«<—null

3 loop throughall pixels (zq, ya) of Go (L)

4 N, < BuildNeighborhood@,,, L, x4, y.);
5

6

7

if Match(V,, N,) > Match(véest, N,)
Ngest — Na;
return C,

Table2: Pseudocodef the Algorithm

C — Ga(Lvmaaya);

The architectureof this algorithm s flexible; it is composed
from several orthogonalcomponentsWe list thesecomponentas
follows anddiscusghe correspondinglesignchoices.

Pyramid:  The pyramids are built from and reconstructedo

imagesusing the standardroutines BuildPyramid and Recon-

Pyramid. Variouspyramids can be usedfor texture synthesis;
examplesare Gaussiarpyramid ([21]), Laplacianpyramid ([10]),

steerablepyramid ([10], [23]), and feature-basegyramids ([5]).

Different pyramidswill give differenttrade-ofs betweenspatial
and frequeng resolutions. In this paper we chooseto usethe
Gaussiarpyramidfor its simplicity andgreaterspatiallocalization
(adetaileddiscussiorof thisissuecanbefoundin [20]). However,

otherkindsof pyramidscanbe usedinstead.
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Neighborhood: The neighborhoodccan have arbitrary size and
shapetheonly requirements thatit containsonly valid pixels. A
noncausal/symmetriceighborhoodfor example,canbe usedby
extendingthe original algorithmwith two passegSection5.1).

Synthesis Ordering: A rasterscanorderingis usedin line 5 of
function TextureSynthesis. This, however, canalsobe extended.
For example,a spiral orderingcanbe usedfor constrainedexture
synthesigSection5.1). The synthesisorderingshouldcooperate
with the BuildNeighborhood so that the neighborhoodcontains
only valid pixels.

Searching: An exhaustve searchingprocedurg=indBestM atch
is emplo/ed to determinethe outputpixel values. Becausehis is
a standardprocessyariouspoint searchingalgorithmscanbe used
for accelerationThiswill bediscussedh detailin Sectioré.

3 Synthesis Results

To testthe effectivenessof our approachwe have run the algo-
rithm on mary differentimagesfrom standardexture sets. Fig-
ure7 shavs exampleausingthe Brodatztexturealbum ([3]) andthe
MIT VisTex set([17]). The Brodatzalbum is the mostcommonly
usedtexture testingsuite and containsa broadrangeof grayscale
images. Since mostgraphicsapplicationsrequire color textures,
we alsousetheMIT VisTex set,which containgealworld textures
photographedndernaturallighting conditions.

A visual comparisonof our approachwith several other algo-
rithmsis shawvn in Figure8. Result(a) is generatedy Heegerand
Bemgensalgorithm([10]) usinga steerablgyramidwith 6 orienta-
tions. Thealgorithmcapturesertainrandomaspect®f thetexture
but fails onthe dominatinggrid-like structuresResult(b) is gener
atedby De Bonetsapproach{[5]) wherewe choosehisrandomness
parameteto malke the resultlook best. Thoughcapableof captur
ing morestructuralpatternghan(a), certainboundaryartifactsare
veryvisible. Thisis becauséis approacttharacterizetexturesby
lower frequeng pyramidlevelsonly; thereforethe lateralrelation-
shipbetweerpixelsatthesamdevel is lost. Result(c) is generated
by Efros andLeungs algorithm([7]). This techniques basedon
theMarkov RandomField modelandis capableof generatindhigh
quality textures.However, a directapplicationof his approacttan
producenon-tileableresultst

Result(d) is synthesizedising our approach.lt is tileableand
the image quality is comparablewith those synthesizeddirectly
from MRFs. It took about8 minutesto generataisinga 195MHz
R10000processor However, this is not the maximum possible
speedachievable with this algorithm. In the next section,we de-
scribemodificationghatacceleratéhe algorithmgreatly

4 Acceleration

Our deterministicsynthesisprocedureavoids the usualcomputa-
tional requiremenfor samplingfrom a MRF. However, the algo-
rithm asdescribecemplg/s exhaustve searchingwhich malesit
slow. Fortunatelyacceleratiotis possible Thisis achievedby con-
sideringneighborhoodsV (p) aspointsin a multiple dimensional
spaceandcastingthe neighborhoodnatchingprocessasa nearest
pointsearchingproblem([18]).

The nearesfpoint searchingproblemin multiple dimensionss
statedasfollows: givenasetS of n pointsandanovel querypoint

1we have foundthatit is possibleto extendtheir approactusingmul-
tiresolutionpyramidsandatoroidalneighborhoodo male tileabletextures.
However thisis not statedn theoriginal paper([7]).

5

Q in ad-dimensionakpacefind a pointin the setsuchthatits dis-
tancefrom @ is lessetthan,or equalto, thedistanceof @ from ary
otherpointin the set. Because large numberof suchqueriesmay
needto be conductedver the samedataset S, the computational
costcanbe reducedif we preprocessS to createa datastructure
that allows fast nearesipoint queries. Many suchdatastructures
have beenproposedandwe referthereadetto [18] for amorecom-
pletereferenceHowever, mostof thesealgorithmsassumegeneric
inputsand do not attemptto take advantageof ary specialstruc-
turesthey mayhave. Popat([21]) obseredthatthesetS of spatial
neighborhoodd$rom a texture can often be characterizedvell by
a clusteringprobability model. Taking adwantageof this cluster
ing property we proposeo usetree-structuredectorquantization
(TSVQ,[8]) asthesearchinglgorithm([27]).

4.1 TSVQ Acceleration

Tree-structureglectorquantizatior(TSVQ)is acommortechnique
for datacompression.|t takes a setof training vectorsas input,

andgenerates binary-tree-structuredodebook. The first stepis

to computethe centroidof the setof training vectorsanduseit as
theroot level codevord. To find the childrenof this root, the cen-
troid anda perturbedentroidarechoserasinitial child codevords.

A generalized.loyd algorithm([8]), consistingof alternationse-

tweencentroidcomputationrand nearestentroidpartition, is then
usedto find the locally optimal codevords for the two children.
The training vectorsare divided into two groupsbasedon these
codevordsandthealgorithmrecurse®n eachof thesubtreesThis

procesderminatesvhenthe numberof codevords exceedsa pre-

selectecsizeor the averagecodingerroris belav a certainthresh-
old. The final codebookis the collection of the leaf level code-
words.

Thetreegeneratedy TSVQ canbe usedasa datastructurefor
efficient nearespoint query To find the nearespoint of a given
queryvector thetreeis traversedrom therootin abestfirst order
ing by comparinghequeryvectorwith thetwo childrencodevords,
andthenfollowstheonethathasa closercodevord. Thisprocesss
repeatedor eachvisitednodeuntil aleafnodeis reachedThebest
codevordis thenreturnedasthecodevord of thatleafnode.Unlike
full searchingtheresultcodevord maynotbetheoptimalonesince
only partof thetreeis traversed.However, the resultcodevord is
usuallycloseto the optimal solution,andthe computatioris more
efficientthanfull searchinglf thetreeis reasonablyalancedthis
canbe enforcedin the algorithm), a single searchwith codebook
size|S| canbe achieved in time O(log|S|), which is muchfaster
thanexhaustve searchingvith lineartime compleity O(|S|).

To useTSVQ in our synthesisalgorithm,we simply collectthe
set of neighborhoodpixels N(p;) for eachinput pixel and treat
themasavectorof sizeequalto thenumberof pixelsin N (p;). We
usethesevectors{ N (p;)} from eachG,(L) asthetraining data,
and generatethe correspondingree structurecodebooks?’(L).
During the synthesisprocessthe (approximate)closestpoint for
eachV(p) atG, (L) isfoundby doingabesffirsttraversalof 7'(L).
Becausehis treetraversalhastime compleity O(logNy) (where
Ny, is thenumberof pixelsof G, (L)), thesynthesiprocedurean
beexecutedvery efficiently. Typical texturestake secondso gener
ate;theexacttiming depend®ntheinputandoutputimagesizes.

4.2 Acceleration Results

An example comparingthe results of exhaustve searchingand
TSVQis shawvn in Figure9. Theoriginalimagesizesare128x128
andthe resultingimagesizesare 200x200. The averagerunning
time for exhaustve searchings 360 seconds.The averagetrain-
ing time for TSVQis 22 secondsaindthe averagesynthesigime is
7.5seconds.Thecodeis implementedn C++ andthetimingsare
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Figure7: Texturesynthesisesults.Thesmallerpatchesretheinputtextures,andto theirright aresynthesizedesults.A 9x9 neighborhood
is usedfor all cases.Brodatztextures: (a) D52 (b) D103 (c) D84 (d) D11 (e) D20. VisTex textures: (f) Flowers0000(g) Misc 0000 (h)
Clouds0000(i) Fabric0015(j) Leaves0009.
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(@) (b) (©) (d)

Figure8: A comparisorof texturesynthesisesultsusingdifferentalgorithms:(a) HeeggerandBergens method([10]) (b) De Bonets method
([5]) (c) EfrosandLeungs method([7]) (d) Ourmethod.Only EfrosandLeungs algorithmproducesesultscomparablevith ours.However,
ouralgorithmis 2 ordersof magnitudeasterthantheirs(Sectior4). Thesampletexture patchhassize64x64,andall theresultimagesareof
size192x192.A 9x9 neighborhoods usedfor (c) and(d).
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Figure9: AcceleratedsynthesisisingTSVQ. In eachpair of figures theresultgeneratedby exhaustve searchings ontheleft andthe TSVQ
acceleratedesultis ontheright. Theoriginalimagesareshavn in Figure7. All generatedmagesareof size200x200.Theaveragerunning
time for exhaustve searchings 360secondsTheaveragerainingtimefor TSVQis 22 secondsindtheaveragesynthesigimeis 7.5seconds.
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Figure10: TSVQ acceleratiorwith differentcodebooksizes.The
originalimagesizeis 64x64andall thesesynthesizedesultsareof
size128x128.Thenumberof codavordsin eachcaseare(a) 64 (b)
512(c) 4096(all).

measurean a 195MHz R10000processorAs shawvn in Figure9,
resultsgeneratedvith TSVQ acceleratiorareroughly comparable
in quality to thosegeneratedrom the unacceleratedpproach.In
afew casesTSVQwill generateanoreblurry images(suchasFig-
ure 9 (b)). We fix this by allowing limited backtrackingn thetree
traversalsothatmorethanoneleaf nodecanbevisited. Whenthe
numberof visited leaf nodesis the sameasthe codebooksize,the
resultwill beexactly the sameasthe exhaustve searchingase.
Onedisadwantageof TSVQ accelerations the memoryrequire-
ment.Becauseaninputpixel canappeain multiple neighborhoods,
afull-sizedTSVQtreecanconsume)(d = N) memorywhered is
the neighborhooaizeand IV is the numberof inputimagepixels.
Fortunatelytexturesusuallycontainrepeatingstructurestherefore

Algorithm TrainingTime | SynthesisTime

EfrosandLeung none 1941seconds
Exhaustve Searching none 503seconds
TSVQ acceleration 12 seconds 12 seconds

Table3: A breakdavn of runningtime for the texturesshavn in

Figure8. Thefirst row shavs thetiming of EfrosandLeungs al-

gorithm. The secondandthird rows shaw the timing of our algo-
rithm, usingexhaustve searchingand TSVQ accelerationrespec-
tively. All the timings were measuredisinga 195 MHz R10000
processor

we canusecodebooksvith fewernumberof codevordsthanthein-
puttrainingset. Figure10 shavs texturesgeneratedy TSVQwith
differentcodeboolksizes. As expectedthe imagequality improves
whenthecodeboolsizeincreasesHowever, resultsgeneratedvith
fewer numberof codevords suchas (b) look plausiblecompared
with the full codebookresult(c). In our experiencewe canuse
codebookswith lessthan 10 percentsize of the original training
datawithout noticeabledegradationof quality of the synthesige-
sults. To furtherreducethe expenseof training, we canalsotrain
on asubsetatherthanthe entirecollectionof input neighborhood
vectors.

Table 3 shaws a timing breakdavn for generatinghe textures
shawvn in Figure8. Our unacceleratedlgorithmtook 503 seconds.
TheTSVQ acceleratedlgorithmtook 12 secondsor training,and
anotherl2 second$or synthesisin comparisonEfrosandLeung’s
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algorithm ([7]) took half an hour to generatethe sametexture 2.
Becausetheir algorithm usesa variable sizedneighborhoodt is
difficult to accelerate.Our algorithm, on the other hand, usesa
fixed neighborhoodand can be directly acceleratedy ary point
searchinglgorithm.

5 Applications

Oneof the chief advantagef our texture synthesianethodis its
low computationalcost. This permitsus to explore a variety of
applicationsin additionto the usualtexture mappingfor graphics
that were previously impractical. Presentedhereare constrained
synthesidor imageeditingandtemporaltexture generation.

5.1 Constrained Texture Synthesis

Photographsfilms and imagesoften containregions that are in
somesensedlawed. A flaw canbea scrambledegion onascanned
photographscratchesnanold film, wiresor propsin amovie film
frame,or simply anundesirablebjectin animage. Sincethe pro-
cessegausingtheseflaws are oftenirreversible,analgorithmthat
canfix theseflaws is desirable.For example,Hirani and Totsuka
([11]) developedaninteractve algorithmthatfinds translationally
similar regionsfor noiseremoval. Often,the flawedportionis con-
tainedwithin aregionof texture,andcanbereplacedy constrained
texture synthesig[7],[12]).

Texture replacemenby constrainedsynthesismust satisfy two
requirementsthe synthesizedegion mustlook like the surround-
ing texture,andtheboundanbetweerthenew andold regionsmust
be invisible. Multiresolution blending([4]) with anothersimilar
texture,shavn in Figurell (b), will producevisible boundariegor
structuredextures. Betterresultscanbe obtainedby applyingour
algorithmin Section2 over the flawed regions, but discontinuities
still appearat the right and bottom boundariesas shavn in Fig-
ure 11 (c). Theseartifactsare causecby the causalneighborhood
aswell astherasterscansynthesiordering.

To remove theseboundaryartifacts a noncausal(symmetric)
neighborhoodnustbe used.However, we have to modify the orig-
inal algorithm so that only valid (alreadysynthesizedpixels are
containedwithin the symmetricneighborhoodsptherwisethe al-
gorithmwill notgeneratevalid results(Figure5). Thiscanbedone
with atwo-passxtensionof theoriginalalgorithm.Eachpasds the
sameastheoriginal multiresolutionprocessexceptthata different
neighborhoods used.During thefirst passtheneighborhoodon-
tainsonly pixelsfrom thelower resolutionpyramidlevels. Because
the synthesigrogressei a lower to higherresolutionfashion,a
symmetricneighborhoodtan be usedwithout introducinginvalid
pixels. This passusesthe lower resolutioninformationto “extrap-
olate” the higherresolutionregionsthatneedto bereplacedIn the
secondpass,a symmetricneighborhoodhat containspixels from
both the currentandlower resolutionsis used. Thesetwo passes
alternatefor eachlevel of the output pyramid. In the accelerated
algorithm, the analysisphaseis also modified so thattwo TSVQ
treescorrespondingo thesetwo kinds of neighborhoodsre built
for eachlevel of the input pyramid. Finally, we also modify the
synthesiorderingin thefollowing way: insteadof theusualraster
scanordering, pixels in the filled regions are assignedn a spiral
fashion. For example,the hole in Figure 11 (a) is replacedfrom
outsideto inside from the surroundingregion until every pixel is
assignedFigure 11 (d)). This spiral synthesisorderingremoves

2|n this timing comparisorwe choosea very small input patch (with
size 64x64). Becausehe time compleity of our approactover Efrosand
Leungsis O(logN)/O(N) whereN is thenumberof inputimagepixels,
ourapproactperformsevenbetterfor largerinputtextures.
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the directionalbiaswhich causeghe boundarydiscontinuitiegas
in Figure11 (c)).

Examplef constraineaynthesidor holefilling andimageex-
trapolationareshavn in Figure12. Within eachpair of imagesthe
blackregionis filled in usinginformationsavailablein the restof
the image. The synthesizedegions canblend smoothlywith the
original partsevenfor structuredextures.Becausef its efficiengy,
this approachmaybe usefulasaninteractie tool for imageediting
or denoising[16]).

5.2 Temporal Texture Synthesis

The low costof our acceleratealgorithm enablesus to consider
synthesizindexturesof dimensiorgreatethantwo. An exampleof

3D textureis temporaltexture. Temporalexturesaremotionswith

indeterminateextent both in spaceandtime. They candescribea

wide variety of naturalphenomenauchasfire, smole, and fluid

motions. Sincerealisticmotion synthesids oneof the majorgoals
of computegraphicsatechniquehatcansynthesizéemporaltex-

tureswould be useful. Most existing algorithmsmodeltemporal
texturesby directsimulation;examplesincludefluid, gas,andfire

([24]). Direct simulationshowever, are often expensie andonly

suitablefor specifickinds of textures;thereforean algorithmthat
canmodelgeneramotiontextureswould be advantageou$[26]).

Temporatexturesconsistof 3D spatial-temporatolumeof mo-
tion data. If the motion datais local and stationarybothin space
andtime, the texture canbe synthesizedy a 3D extensionof our
original algorithm. This extensioncanbe simply doneby replac-
ing various2D entitiesin the original algorithm, suchasimages,
pyramids,andneighborhoodsvith their 3D counterpartsFor ex-
ample,thetwo Gaussiarpyramidsareconstructedy filtering and
downsamplingfrom 3D volumetric data; the neighborhoodgon-
tain local pixelsin both the spatialandtemporaldimension. The
synthesigprogressesrom lower to higherresolutionsandwithin
eachresolutionthe outputis synthesizedlice by slice alongthe
time domain.

Figure 13 shaws synthesisresultsof several typical temporal
textures: fire, smole, and oceanwaves (shavn in the accompa-
nying video tape). The resultingsequencesapturethe flavor of
the original motions,andtile both spatiallyandtemporally This
techniquas alsoefficient. Acceleratedy TSVQ, eachresultframe
took about20 secondgo synthesize Currentlyall the texturesare
generatecutomatically;we planto extendthe algorithmto allow
moreexplicit usercontrols(suchasthedistribution andintensityof
thefire andsmole).

6 Conclusions and Future Work

Texturesare importantfor a wide variety of applicationsin com-
putergraphicsandimageprocessing.On the otherhand,they are
hardto synthesize.The goal of this paperis to provide a practi-
cal tool for efficiently synthesizinga broadrangeof textures. In-
spiredby Markov Randon¥ield methodspuralgorithmis general;
a wide variety of texturescanbe synthesizedwvithout ary knowl-
edgeof their physicalformationprocessesThe algorithmis also
efficient; by a properacceleratiousingTSVQ, typical texturescan
be generateavithin second®n currentPCsandworkstations.The
algorithmis alsoeasyto use: only an exampletexture patchis re-
quired.

One dravback of the Markov RandomField approachis that
only local and stationaryphenomenaan be modeled. Other vi-
sualcuessuchas 3D shape depth,lighting, or reflectioncan not
be capturedby this approach.One possiblesolutionwould be to
incorporatethis informationin a preprocessingtep,or to impose
certainconstraintsduring the synthesisprocess. For example,to
synthesize perspectiely viewedbrick wall, we couldusea shape
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Figure 11: Constrainedexture synthesis.(a) a texture containinga black region that needsto befilled in. (b) multiresolutionblending
([4]) with anothertexture region will produceboundaryartifacts.(c) A directapplicationof the algorithmin Section2 will producevisible
discontinuitiesat theright andbottomboundaries(d) A muchbetterresultcanbe generatedby usinga modificationof the algorithmwith 2

passes.

(b) Result

(b)

Figure12: Constrainesgynthesisxamples.In eachpair of figures,the originalimageis on theleft andthe synthesizedesultis on theright.
Thegoalis tofill in theblackregionswithoutchangingherestof theimage.Exampleshavn areBrodatztextureswith imageextrapolation

(a) D36 andholefilling (b) D40.

from texturetechniqug[15]) to determinehe sizesandorientation
of individual bricksin theoriginalimage.Then,duringthe synthe-
sisprocessaglobalconstrainis enforcedover the outputimageso
thatthe patternis generatedccordingto the relative positionand
orientationbetweerthewall andthe eye point.

Aside from constrainedsynthesisand temporal textures, nu-
merousapplicationsof our approacharepossible.Otherpotential
applications/etensionsare:

Multidimensional texture: The notion of texture extendsnatu-
rally to multi-dimensionatiata.Oneexamplewaspresentedh this
paper- motionsequenceslhesametechniquecanalsobedirectly
appliedto solid texturesor animatedsolid texture synthesis. We
are alsotrying to extend our algorithmfor generatingstructured
solid texturesfrom 2D views ([10]).

Texture compression/decompression:  Texturesusually contain
repeatingpatternsand high frequeng information; thereforethey
are not well compressedby transform-basedechniquessuch
as JPEG. However, codebook-basedcompressiontechniques
work well on textures([2]). This suggestghat texturesmight be
compressabldy our synthesistechnique. Compressiorwould
consistof building a codebook,but unlike [2], no codeindices
would be generatedpnly the codebookwould be transmittedand
the compressiorratio is controlledby the numberof codevords.
Decompressionvould consistof texture synthesis. This decom-
pressiorstep,if accelerate@nemoreorderof magnitudeover our
current software implementation,could be usablefor real time
texture mapping. The advantageof this approachover [2] is much

greatercompressionsinceonly the codebookis transmitted.

Motion synthesigediting: Some motions can be efficiently
modeledas spatial-temporatextures. Others,suchas animal or
humanmotion,aretoo highly structuredor suchadirectapproach.
However, it might be possibleto encodetheir motion as joint
angles,then apply texture analysis-synthesit the resulting 1D
temporalmotionsignals.

Modeling geometric details: Models scannedrom real world

objects often contain texture-like geometricdetails, making the
modelsexpensve to store transmitor manipulate Thesegeometric
detailscanbe representeds displacemenmapsover a smoother
surface representatior{[14]). The resulting displacemenimaps
shouldbe compressable/decompressaéde?D texturesusing our

technique. Taking this ideafurther missinggeometricdetails, a

commonproblemin mary scanningsituationg[1]), couldbefilled

in usingour constrainedexture synthesigechnique.

Direct synthesis over meshes. Mappingtexturesontoirregular
3D meshedy projectionoften causedistortions([22]). Thesedis-
tortionscansometimedefixedby establishinguitableparameter
izationof themesh but amoredirectapproactwould beto synthe-
sizetexture directly over the mesh. In principle, this canbe done
usingour technique However, this will requireextendingordinary
signalprocessingperationsuchasfiltering anddowvnsamplingto
irregular3D meshes.
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Figure13: Temporaltexture synthesigesults.(a) fire (b) smole (c) oceanwaves. In eachpair of imagesthe spatial-temporalolumeof the
original motionsequencés shavn on theleft, andthe correspondingynthesisesultis shavn ontheright. A 5x5x5causaheighborhoods
usedfor synthesisTheoriginal motionsequencesontain32 frames,andthe synthesigesultscontain64 frames.Theindividual framesizes
are(a) 128x128(b) 150x112(c) 150x112.Acceleratedby TSVQ, thetrainingtime are(a) 1875(b) 2155(c) 2131secondandthe synthesis
time perframeare(a) 19.78(b) 18.78(c) 20.08secondsTo sarze memory we useonly arandoml0 percenbf theinputneighborhoodectors

to build the (full) codebooksTheoriginalfire sequencés acquiredrom [25].
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Texture synthesids importantfor mary applicationsin computergraphics,vision, andimagepro-
cessing. However, it remainsdifficult to designan algorithmthatis both efficient and capableof
generatinghigh quality results. In this paper we presentan efficient algorithmfor realistictexture
synthesisThealgorithmis easyto useandrequiresonly a sampletexture asinput. It generategex-
tureswith perceved quality equalto or betterthanthoseproducedoy previoustechniquesbut runs
two ordersof magnitudefaster This permitsusto applytexture synthesido problemswhereit has
traditionally beenconsideredmpractical. In particular we have appliedit to constrainedsynthesis
for imageeditingandtemporaltexture generation.Our algorithmis derived from Markov Random
Fieldtexturemodels,andgeneratetexturesthroughadeterministicsearchingprocessWe accelerate
this synthesigprocessisingtree-structuredectorquantization.



