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Abstract

In this paperwe presentan elegant pixel-basedexture synthesigecniquewhich is able to geneate visually
pleasingresultsfromsourcetexturesof both stoasticand structuednature. Inspiredby the observatiorthatthe
mostcommonrartefactswhich occurwhensynthesizingexturesare high frequencydiscontinuitiespur technique
tries to avoidtheseartefactsby forcing at leastoneof the directneighboringpixelsin eat causalneighborhood
to matd within a predeterminedhreshold.This doesnot only avoid deteriomtion of the visual quality, but also
resultsin fastersynthesigimings.We demonstateour techniqueon a variety of stochasticandstructuedtextures.

CatagoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.3[ComputerGraphics]Picture/Imagéseneration;
1.3.7[ComputerGraphics]:Three-DimensionabraphicsandRealism color, shadingshadeving and Texture.

1. Intr oduction

The goal of texture synthesisis to generatenew textures
whichlook similarto agivensampleexture. Texturesynthe-
sisis usedextensvely in computergraphicsand computer
vision applications suchastexture mapping[PFHO0Q, im-

agecompletionandrestoratio DCOY 03], motion synthe-
sis [WLOOQ], Im post-productionand the compressiorof

imagesandvideosequences.

Recentlyamultitudeof texture synthesigechniquehave
beendeveloped However, eachof theseprevioustechniques
are gearedtowards a speci ¢ texture type. For example,
pixel-basedexture synthesigechniquesxcel in synthesiz-
ing texturesof astochastimaturewhereagpatch-basetech-
niguesarepro cient in synthesizingrom nearregularsam-
pletextures.

Thegoalof this papeiis to developafasttexturesynthesis
techniquewhichis ableto generatevisually pleasingresults
from a wide rangeof texture types.However, whenblindly
applyingary of the previously developedmethodgo differ-
ent texture types,the generatedesultscan shav high fre-
quengy discontinuitiesuchascutsandedgeq gure 1). The
humaneye is particularly sensitie to thesehigh frequeny
errorsandthereforethesekinds of errorsshouldbe avoided
asmuchaspossible.

In this paperwe presentan elegant pixel-basedtexture
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Figure 1: Left: a texture synthesizedvith the presented
methodwithout high frequencydiscontinuitiesand a simi-

lar look as the source texture. Right: a synthesizedexture

distortedby high frequencydiscontinuities.

synthesigechniquewhichis ableto generateisually pleas-
ing resultsfrom stochasti@andnearregular structuredsam-
pletextures.Key to ourmethodis thereductionof thesearch
spacefor eachpixel suchthat high frequeny discontinu-
ities are avoided as much as possible.Additionally, since
thesearctspacds reduceda synthesispeed-ugs attained.
This reductionis achieved by a priori restrictingthe search
spaceo containonly causaheighborhoodsvhich minimize
theprobability of introducinghigh frequengy artefctsin the
synthesizedesults.
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2. Previous Work

Texture synthesishasheenan active researchtopic during

recentyears. Publishedtechniquescan be roughly subdi-

vided in two main cateyories:procedurakexture synthesis,
andtexture synthesidy example.

Procedural texture synthesisis basicallya customized
programwhich transformssomeprede nedsignal(e.g.Per
lin noise[Per83, Worley noise[Wor96], ...) into a desired
texture. This producesa high quality, continuoustexture.
However, a major limitation of proceduraltexture synthe-
sisapproachess thatcreatinga new texture requiresa new
programto be written, usually a trial and error processjo
achieve atexturewhich hastheright "look". For moreinfor-
mation,we referthereaderto [EMP 02].

Texture synthesisby examplegenerates novel texture
that is similar to a given sampletexture. There are three
classesf algorithms:texture synthesisby analysis,pixel-
basedexture synthesisandpatch-basetexture synthesis.

Texturesynthesidyanalysisusuallycharacterizeasam-
pletextureby alimited numberof statisticsA new textureis
synthesizeduchthatthe statisticsof the sampletexture are
maintained.[HB95] proposedo analyzeexturesin termsof
histogramsf Iter responseatmultiple scalesandorienta-
tions. [PS0OQ wereableto substantiallyimprove synthesis
resultsfor structuredexturesat the costof a more compli-
catedoptimizationprocedure.[DeB97 scramblesheinput
in a coarse-to- nefashion,preservingthe conditional dis-
tribution of Iter outputsover multiple scales.[NMMKO05]
separatesegularfeatureswith theaid of afractionalFourier
analysison a nearregular texture, which arethentiled. Af-
terwards,irregulartexturedetailis addedbackin to thetiled
texture.

Pixel-basedexture synthesiggeneratesovel texturesby
repeatedlyselectingand copying a single pixel from the
sampletexture, basedon alreadysynthesizegixels in the
novel texture. Thesealgorithmsare generallybasedon the
theoryof Markov RandomFields,a two-dimensionaéxten-
sionto Markov Chains [PL9§,.

“Non-parametric sampling” [EL99] synthesizes novel
texture by selectingpixels, with high conditionalprobabil-
ity, from a sampletexture. The conditional probability be-
tweena pixel in the sampletexture anda to-be-synthesized
pixel is de ned by a Gaussiarweightednormalizedsumof
the squarediifferencef the pixel valuesin a smallneigh-
borhoodaroundeachpixel.

Wei andLevoy [WLOOQ] usea x ed causalneighborhood
sizeandinterpretall possibleneighborhood theinputtex-
tureasasetof vectorswhich spana highdimensionakearch
spaceTreestructuredrectorquantizationTSVQ)is usedto
acceleratesearchinghis space Furthermorethe algorithm
is extendedusinga multi-resolutionsynthesigpyramid. Al-
thougha numberof newer pixel-basedechniquehave been
developedthistechniqués still usedextensiely becausef

its simplicity androbustnessith respecto awide rangeof
texture-types.

Ashikhmin[Ash0] modi ed thealgorithmof [WLO0Q] to
encourageverbatim copying of partsof the input sample.
Unlike [WLOO] wherefor eachpixel all causalneighbor
hoodsin the samplearecomparedopnly four neighborhoods
perpixel arechecled. Thesefour neighborhoodarede ned
by the correspondingcausalneighborhoodsn the sample
texture of the alreadysynthesizedheighboringpixels of the
to-be-synthesizegixel. Ashikhmin [Ash0] notedthat his
algorithmworks beston naturaltextures,suchastexturesof
ower elds, pebblesforestundegrowth, bushesandtree
branchesHowever it is not suitedfor textures containing
structuredeatures.

Hertzmanret al. [HJO 01] introducedan algorithmthat
handlesboth texture synthesisand texture transfer The
works of [WL0Q] and [Ash0] arecombinedandextended
to work on correspondingairsof imagesratherthanon sin-
gletextures.

ZelinkaandGarland[ZG02 acceleratgexture synthesis
by usingajump map.Eachpixel in thejump mapcontainsa
list of pre-calculatedeferencesindprobabilitiesfor match-
ing pixels. A textureis synthesizedn real-timeby copying
amatchingpixel, referredin thejump map,from thesample
texture.

Tongetal. [TZL 02], presentek-coherencea method
for synthesizing bidirectional texture functions. K-
coherenceanalsobeusedfor normaltexture synthesisand
is closely relatedto [Ash0] and the techniquepresented
in this paper K-coherencestoresfor eachpixel a set of
k nearestcausalmatches.Similar to Ashikhmin [Ash01],
the sourcepixels in the causalneighborhoodare usedto
de ne a candidatesetfrom which the bestmatchingpixel
is copied. Unlike Ashikhmin, who directly usesthe the
causaheighborhoodaroundthe sourcepixels,k-coherence
createsthe candidatelist from the k pre-computedbest
matchingneighborhood$or eachsourcepixel.

Recently Battiato et al. [BPR0O3 extendedthe texture
synthesigechniqueof [WLO0Q] by usingantipoleclustering,
insteadof TSVQ to speedup texture synthesisyielding im-
provedsynthesigesults.

Patch-basedexturesynthesisEfrosandFreemanEF0]]
point out that pixel-basedexture synthesisalgorithmslike
thoseof EfrosandLeung[EL99], Wei andLevoy [WLO0Q],
and Ashikhmin [Ash01], all perform excesscomputations
whendealingwith structuredextures.They proposeo syn-
thesizea novel texture by copying whole patchedrom the
sampletexture, asopposedo copying a single pixel in the
pixel-basedtechniques.Other early work on patch-based
texture synthesiswas performedby [XGS0Q (ChaosMo-
saics)[PFHOQ (LappedTextures),[EF0] (ImageQuilting)
and[LLX 01].

Cohenet al. [CSHDO3 proposeto use Wang tiles for
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patch-basetkxturesynthesisWangtiles canbeusedto gen-
eratenon-repeatindilings of alimited numberof tiles by as-
signinga color to eachtile's edgeandmatchingonly edges
with similar color. To extendWangtiles for texture synthe-
sis, Cohenet al. assigna texture patchto eachWangtile,
makingsurethattiles with commoncolorscanbe matched
withoutintroducingartefactsin the synthesizedexture. The
major advantageof this approachis thatthe tiled textureis
guaranteedion-repeating.

Kwatraet al. [KSE 03] copy irregularly shapedpatches
from a sampleimageto generatea new texture. The pro-
cessof copying patchess performedin two stagesFirst,
the bestcandidaterectangulaipatchis selectecby compar
ing the pixelsin a candidatepatchwith alreadysynthesized
pixels. Secondan optimal portion of the rectangulapatch,
determinedusing a graph cut algorithm, is copiedto the
synthesizedexture. Thetexturessynthesizeavith thistech-
niqueareof avery goodvisualquality.

NealenandAlexa[NAOQ3], presentedhybrid patch-based
texture synthesistechniquewhich tries to use as large as
possiblepatchesby adaptvely splitting them. To stitch the
patchesof differentsizestogether a pixel-basedmethodis
used.In [NAO04], this methodis extendedand speeded-up
by replacingthe pixel-basedsynthesistechniqueby a k-
coherencg¢TZL 02] basedechnique.

Liu etal. [LLHO4] treata nearregulartexture asa statis-
tical distortion of a regular tiling, possiblywith individual
variationsin tile shapesize,colorandlighting. Texturesare
synthesizedy tiling the regularizedtexture, and applying
the statisticaldistortionsafterwardsto the synthesizedex-
ture. The resultsof this techniqueare very good compared
to otherpatch-basetechniques.

3. Motivation

Although the obsenrations made by Efros and Free-
man [EFO] are still valid, pixel-basedtexture synthesis
techniquesare still widely used;for example for directly
synthesizingna 3D surface[Tur01] andfor imagecomple-
tion [DCOY03]. The mainreasorfor thisis the easeof use
andeaseof implementatiorandits strengthsn synthesizing
stochastidextures.

Our methodis alsoa pixel-basedexture synthesigech-
nique,designedvith thefollowing goalsin mind:

Simplicity : Pixel-basednethodsarepopularbecauseéhey
arestraightforvardto implementandeasyto use.

Wide range of texture-types A disadwantageof pixel-
basedexture synthesisnethodds thatthey arenotreally
goodin synthesizingexturesfrom structuredsampletex-
tures.Our methodis ableto handlethesekindsof textures
better

Visually pleasingresults We arenotinterestedn gener
ating a texture with the lowestmathematicaérror, but in

submittedto COMPUTERGRAPHICSForum (6/2006).

Figure 2. An L-shapedcausal neighborhoodof size 7
(width) arounda pixel markedin red. The pixelsmarkedin
blueare thefour direct neighbors

synthesizingrisually pleasingtextures.We will therefore
relax someconstraintsn currentpixel-basedsystemso
achieve bettervisualresults.

Fast Pixel-basedexturesynthesisnethodsisuallytrade-
off speedto synthesigyuality. Our techniques both fast
andableto generaténigh quality results.

As in mary pixel-basedexture synthesigechniquesye
alsoassumeaMarkov randomeld model.A textureis mod-
eledasa local andstationaryrandomprocesseachpixel is
classi ed by a vectorrepresentinga small setof neighbor
ing pixels (local causality).This classi cationis similar for
all pixels (stationary).The local causalityprinciple allows
usto constructasearctspacan whichwe wouldliketo nd
the bestmatchingvectorrepresenting given pixel's neigh-
borhood.The stationaryprinciple indicatesthat the search
spaceis the samefor all pixels. The dimensionalityof the
searchspaceequalsthe requirednumberof pixels required
in aneighborhoodo malke afaithful classi cation.Usually,
alargeneighborhoods requiredandthusresideghesearch
spacdn ahigh dimensionakpace.

Assumewe have asequentia(e.g.scanlineorder)synthe-
sisalgorithmandassumehatthe alreadysynthesizegixels
are chosenoptimally and that we use an L-shapedcausal
neighborhoodo classify eachpixel. When synthesizinga
new pixel, theonly possibilityto introducea high frequeng
discontinuityis in the transitionbetweena direct neighbor
andthe to-be-synthesizegixel. In orderto avoid theseer
rorscompletelythedirectneighborsn the causaheighbor
hoodin the sampletexture shouldexactly matchthe corre-
spondingpixel valuesof the directneighborsaroundtheto-
be-synthesizegixel. An exampleof a causaheighborhood
andits direct neighborsis depictedin gure 2. The proba-
bility of nding sucha causalneighborhoodn the sample
texture is very small. We relax this constraintby requiring
atleastone (insteadof all) of the directneighborgto match
exactly. This ensuredhatfor at leastonedirectionno high
frequeng discontinuitiescan occur The causalneighbor
hoodsin the sampletexture thathave at leastone matching
directneighborde ne areducedsearchspaceln effect, we
arereducingthe searchspaceby taking a slice throughthe
completesearchspacean which a singledimensionis x ed.
Thisreducedsearctspaceas completelyde ned by thedirect
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Sourcetexture

Synthesizedexture

Figure 3: Thecausalneighborhoodsvhich needto be veri-
ed are uniquelydeterminedy the pixelsin the source tex-
ture which havethesamecolor asthedirectneighbos of the
currentpixel.

neighborof the currentto-be-synthesizegixel andthusfor
eachpixel adifferentreducedsearctspacss de ned.

The reducedsearchspacemight not containthe optimal
neighborhoodrectorin an L2 senseput we will shav that
this resultsmainly in low frequeny artefactsin the synthe-
sizedtextures.Sincethe humanvisual systemis moresen-
sitive to high frequeng discontinuitiesthanlow frequeny
artefacts this approactresultsin visual pleasingresults.

In theremaindeof this paperwewill discusshow sucha
systemcanbeef ciently implementedandathoroughanal-
ysisis conducteddn thegeneratedesults.

4. Implementation

In the previous sectionwe amguedfor reducingthe search
spaceor eachpixel dependingn the pixel valuesin thedi-

rect neighborhoodInsteadof reducingthe large stationary
searchspacefor eachpixel separatelywe opt for construct-
ing thereducedsearchspaceonthe y . Eachreducedsearch
spacecanbe seenasthe union of the searchspacesassoci-
atedwith asingledirectneighboringpixel value.Thesearch
spaceassociatedvith a single direct neighboringpixel are

the causalneighborhoodsvhich have the samepixel value
at anidentical positionin the full searchspaceThusif we
know which pixel positionsin the sampletexture have the
samecolor, then we also know the causalneighborhoods
which sharethis color at a speci ¢ position. This reduces
theconstructiorof thesearctspaceo asimplesearchspace
look-up, in which the pixel value of the direct neighboris
thelook-upkey. Thisis illustratedin gure 3.

We optfor usingakd-treeasa data-structuréo accelerate
this look-up. This kd-treeis a 3-dimensionatree,in which
eachnodecorrespondso a uniquecolor, representety an
RGB triplet, in the sampletexture. Thus, the 3 dimensions
of thekd-treecorrespondo thered,greenandbluechannels
in the RGB color-space Associatedvith eachnodeis a list
of pixel positionsin thesampletexture containingthis color.
Figure4 shavs a schematioverview of thekd-tree.

The presentedexture synthesismethodconsistsof three
stepstextureanalysigkd-treeconstruction)texture synthe-
sisandsynthesignitialization.

4.1. Texture Analysis

Duringtheanalysisstep,a kd-treeis constructedEachpixel
in the sampletexture is addedto the kd-tree.If the pixel
value(RGB) is alreadyin the kd-tree,thenthe pixel's loca-
tion is addedto the associatedist of pixel positions.If the
kd-treedoesnot containthe pixel value,thena new nodeis
createdandalist of pixel positionsis associatedThis list is
initializedto containonly thecurrentpixel position.Because
pixelson the edgeof the sampletexture have anincomplete
causaheighborhoodpnly the pixelswhich areabore a pre-
determinedlistancefrom the edgeareconsideredor inclu-
sionin thekd-tree.

Kd-tree

Key G /
=]

Kd-treenode

Sourcetexture

Figure 4: A schematicdepictionof the kd-tree usedin our
method Each nodeof the kd-treerepresentsa uniquecolor
in the source texture. Associatedvith ead nodein the kd-
treeis a list of pixel positionsin the souice texture of occur
rencesf the color of thisnode
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iterationt

Next Pixel @

iterationt + 1

Figure 5: Whenadvancingto the next pixel, half of the as-
sociatedlists of pixel positionscan be reusedThelists as-
sociatedwith thebluemarkedpixelscanbereusedThelists
associatedvith the red marked pixels are discaded, while
thegreenmarkpixelshaveto be queriedin the kd-tree

4.2. Texture Synthesis

Texturesynthesiss performedn scanlineorder For eachto-
besynthesizegixel, areducedsearchspaces constructedn
thefollowing mannerfor eachdirectneighboralist of sam-
pletexture pixel positionsis retrievedfrom thekd-treeusing
the direct neighbors pixel value. Each positionin the re-
trievedlist is adjusted dependingon which directneighbor
wasusedaskey onthekd-treequery)suchthattheresulting
positionsnow representhe centerpositionsof causaheigh-
borhoodsn thesampletexture. Theunionof thefour listsis
arepresentationf thereducedsearchspace Next, for each
causalneighborhoodn the searchspacehe L2-difference
is computedwith the correspondingcausalneighborhood
aroundthe currentto-be-synthesizepixel. The centerpixel
of thebestmatching(smallest-error)causaheighborhood
is copiedinto the currentto-be-synthesizegixel.

As in most previous pixel-basedtexture synthesisalgo-
rithms, it is very importantto selecta “good” causalneigh-
borhoodsize.Thereis a direct correlationbetweerthe fea-
ture sizein the sampletexture andthe minimumsize of the
causaheighborhoodHowever, atoo large causaheighbor
hoodsizewill resultin excesscomputationsindunnecessary
prolongedsynthesigimings.

4.3. Synthesislnitialization

The texture synthesisprocessrelies on previously synthe-
sizedpixelsin orderto selecta goodpixel valuefor the cur
rent pixel. When startingto synthesizea texture, no previ-
ously synthesizegixels areavailable.In orderto bootstrap
thesynthesigprocessninitializationis required.

Dependingon the texture type, two differenttexture ini-
tialization techniquesare utilized. In both casesthe upper
bandof thetextureis lled. Theheightof this banddepends
on the heightof the causalneighborhoodIn casethe sam-
ple texture is stochasticin nature,the bandis lled with
randomlyselectedpixel valuesfrom the sampletexture. In
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casethe sampletexture is nearregular, a structuredupper
bandis required.However, randomlycopying pixel values
destrysthenearregularstructure Thereforewe synthesize
the upperbandin the following manner:We rst rotatethe
upperbandandthe sampletexture. Next a randomblock is
copiedfrom the rotatedsampletexture to cover the top of
this rotatedband.Becausehewidth of therotatedtextureis
limited andsmallerthanthe sampletexture, a large enough
block canbe copiedto the top to ensurea completely lled
“upperband”in therotatedupperband.Finally the bandis
completedusingthetexturesynthesigechniquedescribedn
theprevioussection After synthesisthebandis rotatedback
and copiedinto the target texture. By working in a rotated
texture, we ensurethat as much as possibleof the causal
neighborhoodaverlapswith alreadysynthesizegbixels.

4.4. Optimizations
A numberof generalbptimizationsarepossible:

Minimize kd-tr ee look-ups. Traversingthe kd-treecan
bea costlyoperationgspeciallywhenthekd-treeis large,
and the associatedists of sampletexture positionsare
short.It is obvious thata numberof the kd-treelook-ups
of previously synthesizegixels canbe reusedreducing
thenumberof kd-treequeriesby 50% (see gure 5).
Avoid checking causal neighborhoods twice. The in-
tersectionof partial searchspacesde ned by the direct
neighboringpixels is not necessaryempty In order to
avoid checkingcausaheighborhoodsultiple timesfor a
singlepixel, alreadychecled neighborhoodsaremarked,
andsubsequentlignoredfor theremaindeof thesynthe-
sisof the currentpixel.

Minimize associatedlist lengths. For nearregular tex-
turesthereis alarge probabilitythatmultiple sampletex-
turepositionsde ne asimilar causaheighborhoodSince
thecausaheighborhoodsassociatetio eachsamplepixel
value are known on beforehandit is very easyand fast
to groupsimilar causalneighborhoodénto a single list-
entry,

5. Resultsand Discussions

Figure 6 shaws textures synthesizedusing our technique.
The generatedesultscover a wide rangeof texture types,
ranging from stochasticto nearregular textures. As illus-
trated,ourmethods ableto synthesizeisually pleasingex-
turesfor differentkinds of texturetypes.

Table 1 summarizeshe computationatostsfor generat-
ing theresultsshavnin gure 6, togethemwith variousstatis-
tics suchas sampletexture size, numberof distinct colors
in the sampletexture, the size of the causalneighborhood
andthe averagenumberof testedcausalneighborhoodper
pixel. Thetimingsarefurthersplit upin thetime requiredfor
constructinghekd-tree time requiredfor theactualsynthe-
sis and the speed-upwith respectto a brute force synthe-
sis technique[WLO0Q]. All exampleswere computedon an
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Figure 6: Examplegeneatedwith our technique Thesourcetexture is shownfor eath examplein thetop-leftcorner Synthesis
statisticscanbefoundin table 1.

Text- Source Colors Causal  Avg. Tested |Analysis Initialization Synthesis Total BruteForce Speed-up
ure Size  in Source Neighhb Size Neighb/Pixel | Timings Timings Timings | Timings Timings
a 192 192 12895 69 7.58 0.24 1.79 24.97 27.00 2754.00 102.00
b 199 199 11718 33 15.40 0.31 0.75 13.85 1491 9360.00 627.77
c 150 150 17607 5 3.69 0.29 0.30 2.84 3.43 536.52  156.42
d 100 100 4201 7 17.10 0.07 0.10 2.88 3.05 351.18 115.14
e 100 100 6933 7 5.35 0.11 0.14 2.94 3.19 351.85 110.30
f 246 246 36772 19 5.40 0.94 1.01 4.85 6.80 7080.00 1041.18
g 192 192 28778 11 3.15 0.60 0.54 2.90 404 212572 526.11
h 100 100 234 33 188.63 0.01 3.30 121.94 | 125.25 1837.42 14.67

Table 1: Synthesistatisticsfor the texturesin gure 6. All texture are geneatedat a resolutionof 400 400 and all tim-
ings are providedin secondsFor ead texture the source texture size numberof colors in the souice sampleand the causal
neighborhoodsizeusedduring synthesisre provided. Thetimingsare splitinto threeparts: timerequiredfor constructingthe
kd-tree(AnalysisTimings), timerequiredto synthesizéheupperband(Initialization Timings)andthetimerequire to synthesize
a400 400texture. Thetotal timeis alsogiven.For comparisonwe also provide the time required for synthesizinghe same
texture (identical resolution,source texture and causalneighborhoodsize)using a brute force approadc [WL0J. Theratio
betweerthe presentednethodandthe brute force methodare shownin thelast column.

0% 20% 40% 60% 80% 100%
(ExactMatch) (Exhaustve Search)

Figure 7: A comparisorof thesynthesizedesults'visualquality with respecto anincreasen error toleranceon matding the
directneighbos.
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ExactMatch 50% range

ExactMatch 20%-range

Figure 8: Matching the direct neighbos exactly doesnot
alwaysresultin a seach spacerich enoughto ensue satis-
fying synthesizedextures. By allowing a small error toler-
ancewhenmatding directneighbos, betterresultscan be
achieved.

AMDG64 4000+ processo2400Mhz).Fromthis tablewe
canconcludehefollowing: thespeed-umchievedcompared
to a bruteforce synthesigechniqueis on average2 orders
of magnitude especiallywhen using sourcetextures with
a large numberof colors. The speed-ugs lesspronounced
whenusingtextureswith very few differentcolors(e.g.ex-
ample6.h). Thisis causedy thefactthattherearemorepix-
elsin the sourcetexture thancolors,andthusa singlecolor
occursmultiple times at different positions.This resultsin
a large numberof causalneighborgthat needto be veri ed
eachtime a new pixel is synthesized.

In gure 8 somelesssuccessfutesultsare shavn. The
reducedsearchspacds sometimesiotdiverseenougtto en-
suregoodsynthesizedesults.In orderto expandthe search
spacefor thesecaseswe extend our algorithm. Until now
we constructedhe searchspaceby taking the union of the
searchspacesle ned by thedirectneighboringpixels. This
impliesthatat leastoneof thedirectneighbors pixel values
is exactly matchedn eachvectorof the constructedsearch
spacelt is possibleto relaxthis constrainbof having atleast
oneexactmatchby consideringall partial searchspacedgor
which thekey (color) lies within somepredeterminedange
or alternatvely the n nearestolorsto the exactkey value.
Therationalis thataslong asthe pixel valuesare perceptu-
ally closein appearanceiigh frequeny discontinuitiesare
avoided.A disadwantagds thatthe searctspaceancreases
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size,andthusrequiresmoretimeto be searchediesultingin

a slower synthesigsee gure 9). This extentioncanbe eas-
ily incorporatedn the original algorithmsincewe already
useda kd-tree,which is a suitabledatastructurefor doing
range-queriesn.

To shaw the effect of using a reducedsearchspace we
synthesized texture with differenterror toleranceson the
key valuerangingfrom 0% (exact match)upto 100% (ex-
haustve search) A selectionof the generatedexturescan
be seenin gure 7. For this particularexampleit is clear
that the reducedsearchspace(0% range)performsat least
asgoodas an exhaustve search.This shows that although
the diversity of the searchspacehasbeenreducedthe re-
sultsstill look visually pleasing.

Finally, we investicated the effect of using a reduced
searchspaceon the “randomness’df the generatedextures
by creatingfalse color imageswhich encodewhere each
pixel in the generatedexture originatesfrom in the sam-
ple texture ( gure 10). ExampleslO.aand10.b weregener
atedfrom astochasticsampletexture. Thefalsecolorimages
clearlyshav thatthegeneratedexturesconsisiof randomir-
regularly shapedlocksfrom the sampletexture. Examples
10.c and 10.d are generatedrom nearregular sampletex-
tures.As expectedthefalsecolorimagesshow aregularpat-
tern.Notethatin gure 10.c thesametile is repeatedn the
synthesizedexture. This is causedy the factthatthe sam-
pletextureis anexacttiling of patternsSinceour methodis
deterministicijt will alwayscopy thesamepixel whenmulti-
ple samplepixelshave thesameerror In gure 10.d another
regular structuredtexture is shavn, but not an exacttiling,
resultingin somerandomnes# the color coding.

Someadditionalresultscanbefoundattheendof this pa-

375
350 +—
325 +—
300 +——
275 +—
250 +——
225
200
175
150
125
100

Time (in seconds)

75
50
25

0
0% 10% 20% 30% 40% 50% 60% 70% 80% 90%  100%
Range

Figure 9: Increasingthe error tolerancewhenmatcing the
directneighbos, resultsin a richer seach space However,
this search spaceis mud larger, and thusresultsin slower
synthesidimings. In this graph we plotted the increasein
timeversustheerror tolerancefor the source texture shown
in theleft-topwhensynthesizing 400 400texture.
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Figure 10: Somesynthesizetexturestogetherwith falsecolor imageswhich indicatefromwhele ead pixel in the synthesized
texture originatesfromin the source texture. Thebladk region in ead false color image indicatesthe part which washandled

by theinitialization procesqsection4.3).

perin gure 13. All of theresultsin this gure, have been
createdby matchingat leastoneof the direct neighborsdi-

rectly. As discussetbefore thiscanstill leadto somediscon-
tinuitiesin the synthesizedexture (e.g.bolt imageandwin-

dow imagein gure 13). Usingarangesearchwould solve
this problematthe costof prolongedsynthesigimings.

6. Comparison

The presented technique shares some resemblance
to [WLOO], [AshO1], [ZG0Z and [TZL 02]. As in the
TSVQ techniqueof Wei and Levoy [WLOQ], our method
reduceghe searchspacein orderto speed-ughe synthesis
processHowever, with TSVQ a low dimensionalapproxi-
mationof thecompletesearchspacds constructedwhereas
our methoduseshighly detailedslices of the full search
spaceThis impliesthatthe diversity of our searchspaces
lessthanthe TSVQ searchspace put hasmoredetail. This
surplusin detail allows smoothertransitionsin the search
spacefrom one point to anothey resultingin moredetailed
andvisually pleasingresults.Ashikhmin [Ash01] alsouses
a reducedsearchspacede ned by the direct neighboring
pixels. However, the searchspaceusedby Ashikhmin is
much smaller (maximum 4 vectors),and is only able to
generategood results for natural textures. Our method
considers largersearchspaceandis ableto handleawider
rangeof texture types.The methodof Ashikhmin[Ash0]]
is further generalizedin [TZL 02]. Insteadof using the
searchspacede ned directly by the direct neighbors,an

extra level of indirectionis added;the k mostresembling
neighborhooddo the “forward shifted” direct neighbors
causalneighborhoodsare used. K-coherencereducesthe
searchspaceto similar size as the presentednethod,but
dueto the extra indirection, can introducehigh frequeng
discontinuities(i.e. there is no guaranteethat the k best
matchesof a forward shifted direct neighbor have a low
error on direct neighbors). Finally, our methods bares
resemblanceo the jump map techniqueof Zelinka and
Garland[ZG0Z. Both methodsreducethe run-timecostby
precomputinga (partial) searchspace.However, the jump
map works with precomputedprobabilities and does not
take in accountthe currentstateof the synthesizedexture,
whereaur methoddoes.

A visual comparison between the reported results
of [WLO0] and[Ash01] areshavnin gure 11. Our method
clearly preseres the overall structureof the sampletex-
tures better and outperformseither in terms of synthesis
speedand visual quality. In gure 12 we comparedour
pixel-basedtexture synthesistechniqueto the reportedre-
sultsof [LLX 01], [KSE 03] and[LLHO04], which are all
patch-basedexture synthesistechniquesAs can be seen,
our method performsat leastas good as the patch-based
techniqueon structuredtextures.Note, that our technique
can also handle textures of a stochasticnature, whereas
patch-basetkchniquesisuallycannot.
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Source Wei andLevoy TSVQ Ashikmin Our
Texture [WLOQ] [WLOQ] [Asho] Method

Figure 11: A comparisorbetweenhereportedresultsof [WL0J and[Ash0] andthe presentedechnique

Source Patch-based Graph-cut NearRegular Texture Our
Texture [LLX 01] [KSE 03] Synthesi§LLHO04] Method

Figure 12: A comparisorof our pixel-basededtniquewith the reportedresultsof somepatch-basededniques.

submittedto COMPUTERGRAPHICSForum (6/2006).



10 Sabheetal. / Texture SynthesisisingExactNeighborhoodMatching

7. Conclusionand Futur e Work

We presenteda pixel-basedtexture synthesisalgorithm
which is ableto createhigh quality texturesvery fast. The
key to our methodis thatatleastoneof the directneighbor
ing pixelsis forcedto matchwithin a controllederrortoler
ance By forcing sucha matchalargenumberof undesirable
matchegi.e.neighborhoodwiith alow L2-errorcontribution
ondistantpixelsanda high L2-error contribution on nearby
pixels) areremoved from the searchspace avoiding unde-
sirablematcheshich canleadto cutsanddiscontinuitiesn
the synthesizedexture.

Sincealargenumberof causaheighborhoodarea-priori
ignored,a synthesispeed-ups achieved. If we have N pix-
elsandC differentcolorsin the sampletexture, thenthere-
ducedsearchspacssizeis onaveragedN=C large.Thus,if C
is large,thenthe averagesizeof thereducedsearchspaces
small and thus very few causalneighborhoodseedto be
comparedAs a result, a good matching neighborhoods
found almostimmediately Evenif the numberof different
colorsis low (e.g.100)thenour methodis still signi cantly
fasterthananexhaustve search.

For future work we would lik e to furtherimprove there-
sult andsynthesispeedby exploiting the factthatlargeiir-
regular blocks are copied. Unlike patch-basedechniques,
we wouldliketoimposenorestrictionsontheshapeof these
blocks.Currently our systemrequirestwo userdetermined
parametersthe causaheighborhoodizeandthe maximum
error rangetoleratedwhen doing a nearesneighborquery
in the kd-tree.ldeally, we would like the systemto propose
a“good” initial guesswhich the usercanre ne if desired.
Finally, we'd like to incorporatemulti-resolutionsynthesis.
Initial experimentsyield encouragingesults.
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Figure 13: Somamotre resultsgeneratedwith the presentednethod.
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