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Abstract

In this paperwe presentan elegant pixel-basedtexture synthesistechniquewhich is able to generate visually
pleasingresultsfromsourcetexturesof bothstochasticandstructurednature. Inspiredby theobservationthat the
mostcommonartefactswhich occurwhensynthesizingtexturesare high frequencydiscontinuities,our technique
tries to avoidtheseartefactsby forcing at leastoneof thedirectneighboringpixelsin each causalneighborhood
to match within a predeterminedthreshold.Thisdoesnot only avoiddeterioration of thevisualquality, but also
resultsin fastersynthesistimings.Wedemonstrateour techniqueona varietyof stochasticandstructuredtextures.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3[ComputerGraphics]:Picture/ImageGeneration;
I.3.7 [ComputerGraphics]:Three-DimensionalGraphicsandRealism,color, shading,shadowing andTexture.

1. Intr oduction

The goal of texture synthesisis to generatenew textures
whichlook similarto agivensampletexture.Texturesynthe-
sis is usedextensively in computergraphicsandcomputer
vision applications,suchastexture mapping[PFH00], im-
agecompletionandrestoration[DCOY03], motion synthe-
sis [WL00], �lm post-production,and the compressionof
imagesandvideosequences.

Recently, amultitudeof texturesynthesistechniqueshave
beendeveloped.However, eachof theseprevioustechniques
are gearedtowards a speci�c texture type. For example,
pixel-basedtexturesynthesistechniquesexcel in synthesiz-
ing texturesof astochasticnature,whereaspatch-basedtech-
niquesarepro�cient in synthesizingfrom nearregularsam-
ple textures.

Thegoalof thispaperis to developafasttexturesynthesis
techniquewhich is ableto generatevisually pleasingresults
from a wide rangeof texture types.However, whenblindly
applyingany of thepreviously developedmethodsto differ-
ent texture types,the generatedresultscanshow high fre-
quency discontinuitiessuchascutsandedges(�gure 1). The
humaneye is particularlysensitive to thesehigh frequency
errorsandthereforethesekindsof errorsshouldbeavoided
asmuchaspossible.

In this paperwe presentan elegant pixel-basedtexture

Figure 1: Left: a texture synthesizedwith the presented
methodwithout high frequencydiscontinuitiesand a simi-
lar look as the source texture. Right: a synthesizedtexture
distortedbyhigh frequencydiscontinuities.

synthesistechnique,whichis ableto generatevisuallypleas-
ing resultsfrom stochasticandnearregularstructuredsam-
pletextures.Key to ourmethodis thereductionof thesearch
spacefor eachpixel suchthat high frequency discontinu-
ities are avoided as much as possible.Additionally, since
thesearchspaceis reduced,asynthesisspeed-upis attained.
This reductionis achieved by a priori restrictingthesearch
spaceto containonly causalneighborhoodswhichminimize
theprobabilityof introducinghighfrequency artefactsin the
synthesizedresults.
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2. PreviousWork

Texture synthesishasbeenan active researchtopic during
recentyears.Publishedtechniquescan be roughly subdi-
vided in two main categories:proceduraltexture synthesis,
andtexturesynthesisby example.

Procedural texture synthesisis basicallya customized
programwhich transformssomeprede�nedsignal(e.g.Per-
lin noise[Per85], Worley noise[Wor96], ...) into a desired
texture. This producesa high quality, continuoustexture.
However, a major limitation of proceduraltexture synthe-
sisapproachesis thatcreatinga new texturerequiresa new
programto be written, usuallya trial anderror process,to
achievea texturewhichhastheright "look". For moreinfor-
mation,we referthereaderto [EMP� 02].

Texture synthesisby examplegeneratesa novel texture
that is similar to a given sampletexture. There are three
classesof algorithms:texture synthesisby analysis,pixel-
basedtexturesynthesisandpatch-basedtexturesynthesis.

Texturesynthesisbyanalysisusuallycharacterizesasam-
pletextureby alimited numberof statistics.A new textureis
synthesizedsuchthat thestatisticsof thesampletextureare
maintained.[HB95] proposedto analyzetexturesin termsof
histogramsof �lter responsesatmultiplescalesandorienta-
tions. [PS00] wereableto substantiallyimprove synthesis
resultsfor structuredtexturesat thecostof a morecompli-
catedoptimizationprocedure.[DeB97] scramblestheinput
in a coarse-to-�nefashion,preservingthe conditionaldis-
tribution of �lter outputsover multiple scales.[NMMK05]
separatesregularfeatureswith theaidof a fractionalFourier
analysison a nearregular texture,which arethentiled. Af-
terwards,irregulartexturedetailis addedbackin to thetiled
texture.

Pixel-basedtexturesynthesisgeneratesnovel texturesby
repeatedlyselectingand copying a single pixel from the
sampletexture, basedon alreadysynthesizedpixels in the
novel texture.Thesealgorithmsaregenerallybasedon the
theoryof Markov RandomFields,a two-dimensionalexten-
sionto Markov Chains [PL98].

“Non-parametricsampling” [EL99] synthesizesa novel
texture by selectingpixels,with high conditionalprobabil-
ity, from a sampletexture. The conditionalprobability be-
tweena pixel in thesampletextureanda to-be-synthesized
pixel is de�ned by a Gaussianweightednormalizedsumof
thesquareddifferencesof thepixel valuesin a smallneigh-
borhoodaroundeachpixel.

Wei andLevoy [WL00] usea �x edcausalneighborhood
sizeandinterpretall possibleneighborhoodsin theinputtex-
tureasasetof vectorswhichspanahighdimensionalsearch
space.Treestructuredvectorquantization(TSVQ)is usedto
acceleratesearchingthis space.Furthermore,the algorithm
is extendedusinga multi-resolutionsynthesispyramid.Al-
thoughanumberof newerpixel-basedtechniqueshavebeen
developed,this techniqueis still usedextensively becauseof

its simplicity androbustnesswith respectto a wide rangeof
texture-types.

Ashikhmin[Ash01] modi�ed thealgorithmof [WL00] to
encourageverbatimcopying of partsof the input sample.
Unlike [WL00] where for eachpixel all causalneighbor-
hoodsin thesamplearecompared,only four neighborhoods
perpixel arechecked.Thesefour neighborhoodsarede�ned
by the correspondingcausalneighborhoodsin the sample
textureof thealreadysynthesizedneighboringpixelsof the
to-be-synthesizedpixel. Ashikhmin [Ash01] notedthat his
algorithmworksbestonnaturaltextures,suchastexturesof
�o wer �elds, pebbles,forestundergrowth, bushesand tree
branches.However it is not suitedfor texturescontaining
structuredfeatures.

Hertzmannet al. [HJO� 01] introducedan algorithmthat
handlesboth texture synthesisand texture transfer. The
worksof [WL00] and [Ash01] arecombinedandextended
to work oncorrespondingpairsof imagesratherthanonsin-
gle textures.

ZelinkaandGarland[ZG02] acceleratetexturesynthesis
by usinga jumpmap.Eachpixel in thejumpmapcontainsa
list of pre-calculatedreferencesandprobabilitiesfor match-
ing pixels.A texture is synthesizedin real-timeby copying
amatchingpixel, referredin thejumpmap,from thesample
texture.

Tong et al. [TZL� 02], presentedk-coherence,a method
for synthesizing bidirectional texture functions. K-
coherencecanalsobeusedfor normaltexturesynthesisand
is closely relatedto [Ash01] 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 candidateset from which the bestmatchingpixel
is copied. Unlike Ashikhmin, who directly usesthe the
causalneighborhoodsaroundthesourcepixels,k-coherence
createsthe candidatelist from the k pre-computedbest
matchingneighborhoodsfor eachsourcepixel.

Recently, Battiato et al. [BPR03] extendedthe texture
synthesistechniqueof [WL00] by usingantipoleclustering,
insteadof TSVQ to speedup texturesynthesis,yielding im-
provedsynthesisresults.

Patch-basedtexturesynthesis. EfrosandFreeman[EF01]
point out that pixel-basedtexture synthesisalgorithmslike
thoseof EfrosandLeung[EL99], Wei andLevoy [WL00],
and Ashikhmin [Ash01], all perform excesscomputations
whendealingwith structuredtextures.They proposeto syn-
thesizea novel texture by copying whole patchesfrom the
sampletexture,asopposedto copying a singlepixel in the
pixel-basedtechniques.Other early work on patch-based
texture synthesiswas performedby [XGS00] (ChaosMo-
saics),[PFH00] (LappedTextures),[EF01] (ImageQuilting)
and[LLX � 01].

Cohenet al. [CSHD03] proposeto use Wang tiles for
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patch-basedtexturesynthesis.Wangtilescanbeusedto gen-
eratenon-repeatingtilings of alimited numberof tilesby as-
signinga color to eachtile's edgeandmatchingonly edges
with similar color. To extendWangtiles for texturesynthe-
sis, Cohenet al. assigna texture patchto eachWang tile,
makingsurethat tiles with commoncolorscanbematched
without introducingartefactsin thesynthesizedtexture.The
major advantageof this approachis that the tiled texture is
guaranteednon-repeating.

Kwatraet al. [KSE� 03] copy irregularly shapedpatches
from a sampleimageto generatea new texture. The pro-
cessof copying patchesis performedin two stages.First,
the bestcandidaterectangularpatchis selectedby compar-
ing thepixels in a candidatepatchwith alreadysynthesized
pixels.Second,anoptimalportionof therectangularpatch,
determinedusing a graph cut algorithm, is copied to the
synthesizedtexture.Thetexturessynthesizedwith this tech-
niqueareof averygoodvisualquality.

NealenandAlexa[NA03], presentedahybridpatch-based
texture synthesistechniquewhich tries to useas large as
possiblepatchesby adaptively splitting them.To stitch the
patchesof differentsizestogether, a pixel-basedmethodis
used.In [NA04], this methodis extendedand speeded-up
by replacingthe pixel-basedsynthesistechniqueby a k-
coherence[TZL� 02] basedtechnique.

Liu et al. [LLH04] treata nearregular textureasa statis-
tical distortionof a regular tiling, possiblywith individual
variationsin tile shape,size,colorandlighting. Texturesare
synthesizedby tiling the regularizedtexture, and applying
the statisticaldistortionsafterwardsto the synthesizedtex-
ture.The resultsof this techniquearevery goodcompared
to otherpatch-basedtechniques.

3. Moti vation

Although the observations made by Efros and Free-
man [EF01] are still valid, pixel-basedtexture synthesis
techniquesare still widely used;for example for directly
synthesizingona3D surface[Tur01] andfor imagecomple-
tion [DCOY03]. Themainreasonfor this is theeaseof use
andeaseof implementationandits strengthsin synthesizing
stochastictextures.

Our methodis alsoa pixel-basedtexture synthesistech-
nique,designedwith thefollowing goalsin mind:

� Simplicity : Pixel-basedmethodsarepopularbecausethey
arestraightforwardto implementandeasyto use.

� Wide range of texture-types: A disadvantageof pixel-
basedtexturesynthesismethodsis thatthey arenot really
goodin synthesizingtexturesfrom structuredsampletex-
tures.Ourmethodis ableto handlethesekindsof textures
better.

� Visually pleasingresults: Wearenot interestedin gener-
atinga texturewith the lowestmathematicalerror, but in

Figure 2: An L-shapedcausal neighborhoodof size 7
(width) arounda pixel marked in red.Thepixelsmarked in
blueare thefour directneighbors.

synthesizingvisually pleasingtextures.We will therefore
relax someconstraintsin currentpixel-basedsystemsto
achievebettervisualresults.

� Fast: Pixel-basedtexturesynthesismethodsusuallytrade-
off speedto synthesisquality. Our techniqueis both fast
andableto generatehighquality results.

As in many pixel-basedtexturesynthesistechniques,we
alsoassumeaMarkov random�eld model.A textureis mod-
eledasa local andstationaryrandomprocess:eachpixel 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 constructasearchspacein whichwewould like to �nd
thebestmatchingvectorrepresentinga givenpixel's neigh-
borhood.The stationaryprinciple indicatesthat the search
spaceis the samefor all pixels. The dimensionalityof the
searchspaceequalsthe requirednumberof pixels required
in a neighborhoodto make a faithful classi�cation.Usually,
a largeneighborhoodis required,andthusresidesthesearch
spacein ahighdimensionalspace.

Assumewehaveasequential(e.g.scanlineorder)synthe-
sisalgorithmandassumethatthealreadysynthesizedpixels
are chosenoptimally and that we usean L-shapedcausal
neighborhoodto classify eachpixel. When synthesizinga
new pixel, theonly possibilityto introduceahigh frequency
discontinuityis in the transitionbetweena direct neighbor
andthe to-be-synthesizedpixel. In order to avoid theseer-
rorscompletely, thedirectneighborsin thecausalneighbor-
hoodin the sampletexture shouldexactly matchthe corre-
spondingpixel valuesof thedirectneighborsaroundtheto-
be-synthesizedpixel. An exampleof a causalneighborhood
andits direct neighborsis depictedin �gure 2. The proba-
bility of �nding sucha causalneighborhoodin the sample
texture is very small. We relax this constraintby requiring
at leastone(insteadof all) of thedirectneighborsto match
exactly. This ensuresthat for at leastonedirectionno high
frequency discontinuitiescan occur. The causalneighbor-
hoodsin thesampletexture thathave at leastonematching
directneighborde�ne a reducedsearchspace.In effect, we
arereducingthe searchspaceby taking a slice throughthe
completesearchspacein which a singledimensionis �x ed.
Thisreducedsearchspaceiscompletelyde�nedby thedirect
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Synthesizedtexture

Sourcetexture

Figure 3: Thecausalneighborhoodswhich needto beveri-
�ed are uniquelydeterminedby thepixelsin thesourcetex-
turewhich havethesamecolor asthedirectneighborsof the
currentpixel.

neighborsof thecurrentto-be-synthesizedpixel andthusfor
eachpixel adifferentreducedsearchspaceis de�ned.

The reducedsearchspacemight not containthe optimal
neighborhoodvector in an L2 sense,but we will show that
this resultsmainly in low frequency artefactsin thesynthe-
sizedtextures.Sincethe humanvisual systemis moresen-
sitive to high frequency discontinuitiesthanlow frequency
artefacts,thisapproachresultsin visualpleasingresults.

In theremainderof thispaper, wewill discusshow sucha
systemcanbeef�ciently implementedanda thoroughanal-
ysisis conductedon thegeneratedresults.

4. Implementation

In the previous sectionwe arguedfor reducingthe search
spacefor eachpixel dependingon thepixel valuesin thedi-
rect neighborhood.Insteadof reducingthe large stationary
searchspacefor eachpixel separately, we opt for construct-
ing thereducedsearchspaceonthe�y . Eachreducedsearch
spacecanbeseenastheunionof thesearchspacesassoci-
atedwith asingledirectneighboringpixel value.Thesearch
spaceassociatedwith a singledirect neighboringpixel are

the causalneighborhoodswhich have the samepixel value
at an identicalpositionin the full searchspace.Thusif we
know which pixel positionsin the sampletexture have the
samecolor, then we also know the causalneighborhoods
which sharethis color at a speci�c position.This reduces
theconstructionof thesearchspaceto asimplesearchspace
look-up, in which the pixel valueof the direct neighboris
thelook-upkey. This is illustratedin �gure 3.

Weopt for usingakd-treeasadata-structureto accelerate
this look-up.This kd-treeis a 3-dimensionaltree,in which
eachnodecorrespondsto a uniquecolor, representedby an
RGB triplet, in the sampletexture.Thus,the 3 dimensions
of thekd-treecorrespondto thered,greenandbluechannels
in theRGB color-space.Associatedwith eachnodeis a list
of pixel positionsin thesampletexturecontainingthiscolor.
Figure4 showsaschematicoverview of thekd-tree.

Thepresentedtexturesynthesismethodconsistsof three
steps:textureanalysis(kd-treeconstruction),texturesynthe-
sisandsynthesisinitialization.

4.1. TextureAnalysis

Duringtheanalysisstep,akd-treeis constructed.Eachpixel
in the sampletexture is addedto the kd-tree.If the pixel
value(RGB) is alreadyin thekd-tree,thenthepixel's loca-
tion is addedto the associatedlist of pixel positions.If the
kd-treedoesnot containthepixel value,thena new nodeis
createdanda list of pixel positionsis associated.This list is
initializedto containonly thecurrentpixel position.Because
pixelson theedgeof thesampletexturehave anincomplete
causalneighborhood,only thepixelswhichareaboveapre-
determineddistancefrom theedgeareconsideredfor inclu-
sionin thekd-tree.

Sourcetexture

Kd-tree

Kd-treenode

Key R G B

Figure 4: A schematicdepictionof the kd-treeusedin our
method.Each nodeof thekd-treerepresentsa uniquecolor
in the source texture. Associatedwith each nodein the kd-
treeis a list of pixel positionsin thesourcetexture of occur-
rencesof thecolor of thisnode.
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Next Pixel

iterationt

iterationt + 1

Figure 5: Whenadvancingto thenext pixel, half of theas-
sociatedlists of pixel positionscan be reused.Thelists as-
sociatedwith thebluemarkedpixelscanbereused.Thelists
associatedwith the red marked pixelsare discarded,while
thegreenmarkpixelshaveto bequeriedin thekd-tree.

4.2. TextureSynthesis

Texturesynthesisis performedin scanlineorder. For eachto-
besynthesizedpixel,areducedsearchspaceisconstructedin
thefollowingmanner:Foreachdirectneighbor, alist of sam-
ple texturepixel positionsis retrievedfrom thekd-treeusing
the direct neighbor's pixel value. Eachposition in the re-
trieved list is adjusted(dependingon which directneighbor
wasusedaskey on thekd-treequery)suchthattheresulting
positionsnow representthecenterpositionsof causalneigh-
borhoodsin thesampletexture.Theunionof thefour lists is
a representationof thereducedsearchspace.Next, for each
causalneighborhoodin the searchspace,the L2-difference
is computedwith the correspondingcausalneighborhood
aroundthecurrentto-be-synthesizedpixel. Thecenterpixel
of thebestmatching(smallestL2-error)causalneighborhood
is copiedinto thecurrentto-be-synthesizedpixel.

As in most previous pixel-basedtexture synthesisalgo-
rithms,it is very importantto selecta “good” causalneigh-
borhoodsize.Thereis a directcorrelationbetweenthe fea-
turesizein thesampletextureandtheminimumsizeof the
causalneighborhood.However, a too largecausalneighbor-
hoodsizewill resultin excesscomputationsandunnecessary
prolongedsynthesistimings.

4.3. SynthesisInitialization

The texture synthesisprocessrelies on previously synthe-
sizedpixelsin orderto selecta goodpixel valuefor thecur-
rent pixel. Whenstartingto synthesizea texture, no previ-
ouslysynthesizedpixelsareavailable.In orderto bootstrap
thesynthesisprocessaninitialization is required.

Dependingon the texture type, two differenttexture ini-
tialization techniquesareutilized. In bothcases,the upper-
bandof thetextureis �lled. Theheightof thisbanddepends
on the heightof the causalneighborhood.In casethe sam-
ple texture is stochasticin nature,the band is �lled with
randomlyselectedpixel valuesfrom the sampletexture. In

casethe sampletexture is nearregular, a structuredupper-
bandis required.However, randomlycopying pixel values
destroysthenear-regularstructure.Therefore,wesynthesize
theupper-bandin the following manner:We �rst rotatethe
upper-bandandthesampletexture.Next a randomblock is
copiedfrom the rotatedsampletexture to cover the top of
this rotatedband.Becausethewidth of therotatedtextureis
limited andsmallerthanthesampletexture,a largeenough
block canbecopiedto thetop to ensurea completely�lled
“upper-band” in therotatedupper-band.Finally thebandis
completedusingthetexturesynthesistechniquedescribedin
theprevioussection.After synthesis,thebandis rotatedback
andcopiedinto the target texture.By working in a rotated
texture, we ensurethat as much as possibleof the causal
neighborhoodoverlapswith alreadysynthesizedpixels.

4.4. Optimizations

A numberof generaloptimizationsarepossible:

� Minimize kd-tr ee look-ups. Traversingthe kd-treecan
beacostlyoperation,especiallywhenthekd-treeis large,
and the associatedlists of sampletexture positionsare
short.It is obvious thata numberof thekd-treelook-ups
of previously synthesizedpixels canbe reused,reducing
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 checkingcausalneighborhoodsmultiple timesfor a
singlepixel, alreadycheckedneighborhoodsaremarked,
andsubsequentlyignoredfor theremainderof thesynthe-
sisof thecurrentpixel.

� Minimize associatedlist lengths. For nearregular tex-
turesthereis a largeprobabilitythatmultiple sampletex-
turepositionsde�ne asimilarcausalneighborhood.Since
thecausalneighborhoodsassociatedto eachsamplepixel
valueareknown on beforehand,it is very easyand fast
to groupsimilar causalneighborhoodsinto a single list-
entry.

5. Resultsand Discussions

Figure 6 shows textures synthesizedusing our technique.
The generatedresultscover a wide rangeof texture types,
rangingfrom stochasticto nearregular textures.As illus-
trated,ourmethodis ableto synthesizevisuallypleasingtex-
turesfor differentkindsof texturetypes.

Table1 summarizesthecomputationalcostsfor generat-
ing theresultsshown in �gure 6, togetherwith variousstatis-
tics suchassampletexture size,numberof distinct colors
in the sampletexture, the sizeof the causalneighborhood
andtheaveragenumberof testedcausalneighborhoodsper
pixel.Thetimingsarefurthersplit upin thetimerequiredfor
constructingthekd-tree,timerequiredfor theactualsynthe-
sis and the speed-upwith respectto a brute force synthe-
sis technique[WL00]. All exampleswerecomputedon an
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(a)

(f)

(b) (c) (d)

(e) (g) (h)

Figure6: Examplesgeneratedwith our technique. Thesourcetextureis shownfor each examplein thetop-leftcorner. Synthesis
statisticscanbefoundin table1.

Text- Source Colors Causal Avg. Tested Analysis Initialization Synthesis Total BruteForce Speed-up

b
c
d
e
f
g
h

ure

a 192� 192
199� 199
150� 150
100� 100
100� 100
246� 246
192� 192
100� 100

Size

4201
6933
36772
28778

12895
11718
17607

in Source

234

69

33

5
7
7
19
11

Neighb. Size

33

Neighb./Pixel

188.63

7.58
15.40
3.69

5.35
5.40
3.15

17.10

0.31

0.07
0.11
0.94
0.60

Timings

0.24

0.29

0.01

0.30
0.10

0.54

Timings

1.79
0.75

0.14
1.01

3.30 121.94

24.97
13.85
2.84
2.88
2.94
4.85
2.90

Timings

125.25

27.00
14.91
3.43
3.05

6.80
4.04

Timings

3.19

1837.42

2754.00
9360.00
536.52
351.18
351.85
7080.00
2125.72

Timings

627.77
156.42
115.14
110.30
1041.18
526.11
14.67

102.00

Table 1: Synthesisstatisticsfor the textures in �gur e 6. All texture are generatedat a resolutionof 400� 400 and all tim-
ings are providedin seconds.For each texture the source texture size, numberof colors in the source sampleand the causal
neighborhoodsizeusedduringsynthesisareprovided.Thetimingsaresplit into threeparts: timerequiredfor constructingthe
kd-tree(AnalysisTimings),timerequiredto synthesizetheupper-band(Initialization Timings)andthetimerequireto synthesize
a 400� 400texture. Thetotal time is alsogiven.For comparisonwealsoprovidethetimerequired for synthesizingthesame
texture (identical resolution,source texture and causalneighborhoodsize)usinga brute force approach [ WL00]. Theratio
betweenthepresentedmethodandthebruteforcemethodareshownin thelast column.

(ExactMatch)
20% 40% 60% 80% 100%

(ExhaustiveSearch)
0%

Figure7: A comparisonof thesynthesizedresults'visualqualitywith respectto an increasein error toleranceonmatching the
directneighbors.
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ExactMatch

ExactMatch 50% range

20% range

Figure 8: Matching the direct neighbors exactly doesnot
alwaysresultin a search spacerich enoughto ensure satis-
fying synthesizedtextures.By allowing a small error toler-
ancewhenmatching directneighbors, betterresultscanbe
achieved.

AMD64 4000+ processor(2400Mhz).From this tablewe
canconcludethefollowing: thespeed-upachievedcompared
to a bruteforce synthesistechniqueis on average2 orders
of magnitude,especiallywhen using sourcetextureswith
a large numberof colors.The speed-upis lesspronounced
whenusingtextureswith very few differentcolors(e.g.ex-
ample6.h).Thisis causedby thefactthattherearemorepix-
els in thesourcetexturethancolors,andthusa singlecolor
occursmultiple timesat differentpositions.This resultsin
a large numberof causalneighborsthat needto be veri�ed
eachtimeanew pixel is synthesized.

In �gure 8 somelesssuccessfulresultsare shown. The
reducedsearchspaceis sometimesnotdiverseenoughto en-
suregoodsynthesizedresults.In orderto expandthesearch
spacefor thesecases,we extendour algorithm.Until now
we constructedthe searchspaceby taking the union of the
searchspacesde�ned by thedirectneighboringpixels.This
impliesthatat leastoneof thedirectneighbor'spixel values
is exactly matchedin eachvectorof theconstructedsearch
space.It is possibleto relaxthisconstraintof having at least
oneexactmatchby consideringall partialsearchspacesfor
which thekey (color) lies within somepredeterminedrange
or alternatively the n nearestcolorsto the exact key value.
Therationalis thataslong asthepixel valuesareperceptu-
ally closein appearance,high frequency discontinuitiesare
avoided.A disadvantageis thatthesearchspaceincreasesin

size,andthusrequiresmoretimeto besearched,resultingin
a slower synthesis(see�gure 9). This extentioncanbeeas-
ily incorporatedin the original algorithmsincewe already
useda kd-tree,which is a suitabledatastructurefor doing
range-querieson.

To show the effect of usinga reducedsearchspace,we
synthesizeda texture with differenterror toleranceson the
key value rangingfrom 0% (exact match)upto 100%(ex-
haustive search).A selectionof the generatedtexturescan
be seenin �gure 7. For this particularexampleit is clear
that the reducedsearchspace(0% range)performsat least
asgoodasan exhaustive search.This shows that although
the diversity of the searchspacehasbeenreduced,the re-
sultsstill look visuallypleasing.

Finally, we investigated the effect of using a reduced
searchspaceon the“randomness”of thegeneratedtextures
by creatingfalse color imageswhich encodewhere each
pixel in the generatedtexture originatesfrom in the sam-
ple texture(�gure 10). Examples10.aand10.b weregener-
atedfrom astochasticsampletexture.Thefalsecolorimages
clearlyshow thatthegeneratedtexturesconsistof randomir-
regularly shapedblocksfrom thesampletexture.Examples
10.c and10.d aregeneratedfrom nearregular sampletex-
tures.As expected,thefalsecolorimagesshow aregularpat-
tern.Notethat in �gure 10.c thesametile is repeatedin the
synthesizedtexture.This is causedby thefact that thesam-
ple textureis anexacttiling of patterns.Sinceourmethodis
deterministic,it will alwayscopy thesamepixel whenmulti-
plesamplepixelshave thesameerror. In �gure 10.d another
regular structuredtexture is shown, but not an exact tiling,
resultingin somerandomnessin thecolorcoding.

Someadditionalresultscanbefoundat theendof thispa-

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

75

150

200

375

350

325

300

275

250

225

175

125

100

50

25

0

Range

Ti
m

e
(in

se
co

nd
s)

100%

Figure 9: Increasingtheerror tolerancewhenmatching the
directneighbors, resultsin a richer search space. However,
this search spaceis much larger, and thusresultsin slower
synthesistimings. In this graph we plotted the increasein
timeversustheerror tolerancefor thesourcetexture shown
in theleft-topwhensynthesizinga 400� 400texture.
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(a) (b)

(c) (d)

Figure 10: Somesynthesizedtexturestogetherwith falsecolor imageswhich indicatefromwhere each pixel in thesynthesized
texture originatesfromin thesourcetexture. Theblack region in each falsecolor image indicatesthepart which washandled
by theinitialization process(section4.3).

per in �gure 13. All of the resultsin this �gure, have been
createdby matchingat leastoneof thedirectneighborsdi-
rectly. Asdiscussedbefore,thiscanstill leadtosomediscon-
tinuitiesin thesynthesizedtexture(e.g.bolt imageandwin-
dow imagein �gure 13). Usinga rangesearchwould solve
thisproblemat thecostof prolongedsynthesistimings.

6. Comparison

The presented technique shares some resemblance
to [WL00], [Ash01], [ZG02] and [TZL� 02]. As in the
TSVQ techniqueof Wei and Levoy [WL00], our method
reducesthe searchspacein orderto speed-upthe synthesis
process.However, with TSVQ a low dimensionalapproxi-
mationof thecompletesearchspaceis constructed,whereas
our methoduseshighly detailedslices of the full search
space.This implies that thediversityof our searchspaceis
lessthantheTSVQ searchspace,but hasmoredetail.This
surplusin detail allows smoothertransitionsin the search
spacefrom onepoint to another, 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
considersa largersearchspaceandis ableto handleawider
rangeof texture types.The methodof Ashikhmin [Ash01]
is further generalizedin [TZL� 02]. Insteadof using the
searchspacede�ned directly by the direct neighbors,an

extra level of indirection is added;the k most resembling
neighborhoodsto the “forward shifted” direct neighbor's
causalneighborhoodsare used.K-coherencereducesthe
searchspaceto similar size as the presentedmethod,but
due to the extra indirection,can introducehigh frequency
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
resemblanceto the jump map techniqueof Zelinka and
Garland[ZG02]. Both methodsreducetherun-timecostby
precomputinga (partial) searchspace.However, the jump
map works with precomputedprobabilitiesand doesnot
take in accountthe currentstateof the synthesizedtexture,
whereasourmethoddoes.

A visual comparison between the reported results
of [WL00] and[Ash01] areshown in �gure 11. Ourmethod
clearly preserves 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-
sults of [LLX � 01], [KSE� 03] and [LLH04], which are all
patch-basedtexture synthesistechniques.As can be seen,
our methodperformsat least as good as the patch-based
techniqueson structuredtextures.Note, that our technique
can also handle textures of a stochasticnature,whereas
patch-basedtechniquesusuallycannot.
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TSVQ Ashikmin OurWei andLevoySource
Texture [WL00] [WL00] [Ash01] Method

Figure11: A comparisonbetweenthereportedresultsof [WL00] and[Ash01] andthepresentedtechnique.

Source
Texture

Our
Method

Patch-based
[LLX � 01]

Graph-cut
[KSE� 03]

NearRegularTexture
Synthesis[LLH04]

Figure12: A comparisonof our pixel-basedtechniquewith thereportedresultsof somepatch-basedtechniques.
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7. Conclusionand Futur eWork

We presenteda pixel-basedtexture synthesisalgorithm
which is ableto createhigh quality texturesvery fast.The
key to our methodis thatat leastoneof thedirectneighbor-
ing pixels is forcedto matchwithin a controllederror toler-
ance.By forcingsuchamatchalargenumberof undesirable
matches(i.e.neighborhoodswith alow L2-errorcontribution
on distantpixelsanda high L2-errorcontribution on nearby
pixels) areremoved from the searchspace,avoiding unde-
sirablematcheswhichcanleadto cutsanddiscontinuitiesin
thesynthesizedtexture.

Sincealargenumberof causalneighborhoodsarea-priori
ignored,asynthesisspeed-upis achieved.If wehave N pix-
elsandC differentcolorsin thesampletexture,thenthere-
ducedsearchspacesizeis onaverage4N=C large.Thus,if C
is large,thentheaveragesizeof thereducedsearchspaceis
small and thus very few causalneighborhoodsneedto be
compared.As a result, a good matchingneighborhoodis
found almostimmediately. Even if the numberof different
colorsis low (e.g.100)thenour methodis still signi�cantly
fasterthananexhaustivesearch.

For futurework we would like to further improve there-
sult andsynthesisspeedby exploiting the fact that large ir-
regular blocks are copied.Unlike patch-basedtechniques,
wewouldliketo imposenorestrictionsontheshapeof these
blocks.Currently, our systemrequirestwo userdetermined
parameters:thecausalneighborhoodsizeandthemaximum
error rangetoleratedwhendoing a nearestneighborquery
in thekd-tree.Ideally, we would like thesystemto propose
a “good” initial guess,which the usercanre�ne if desired.
Finally, we'd like to incorporatemulti-resolutionsynthesis.
Initial experimentsyield encouragingresults.
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Figure13: Somemore resultsgeneratedwith thepresentedmethod.
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