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Abstract

In this technical report, we present a texture synthesis technique
that stores all possible histories in memory structure acting as a
Finite State Machine. The histories, which are the most probable
spatial neighborhood for each pixel or patch, are stored in each state
of the FSM. After constructing that structure, the synthesis goes
very fast and smooth in a raster scan order. We found that our
technique works well for a wide variety of textures, ranging from
stochastic to regular structured textures, including near-regular tex-
tures. We show that our technique is faster, and givesbetter results
than previous pixel- or patch-basedtechniques, with minimal user
input.

Keyw ords : keyword1, Texture synthesis, Image processing,Pixel-based tex-
tures, Markov random �eld, and Image-basedrendering.
CR Sub ject Classi�cation : I.3.3. [Computer Graphics]: Picture/Image Gen-
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Abstract

In this technicalreport,we presenta texturesynthesistechniquethatstoresall possiblehistoriesin
memorystructureactingasa Finite StateMachine. Thehistories,which arethemostprobablespatial
neighborhoodfor eachpixel or patch,arestoredin eachstateof theFSM.After constructingthatstruc-
ture,thesynthesisgoesvery fastandsmoothin a rasterscanorder. We foundthatour techniqueworks
well for awidevarietyof textures,rangingfrom stochasticto regularstructuredtextures,includingnear-
regular textures. We show that our techniqueis faster, andgivesbetterresultsthanprevious pixel- or
patch-basedtechniques,with minimaluserinput.

1 Intr oduction

Texturesynthesisalgorithmsgeneratenew images,startingfrom a sourcetextureasinput. Thenew texture
looksvery similar, but differentthanthesourcetexture. Texturesynthesishasa varietyof applicationsin
computergraphics,computervision andimageprocessingsuchastexturemapping,completionof missing
partsof animage,motionsynthesis,�lm postproductionandcompressionof imagesandvideosequences.
Therearetwo approachesin de�ning textures:

1. Top-down approach:thereis a basicelement(texel or texton) anda placementrule thatde�neshow
andwhereelementsareplaced.(bricks)

2. Button-upapproach:the texture is a propertythat canbe derived from statisticsof small groupsof
pixels(suchasmeanandvariance)(quartzandgrass)

In this report,we presentanapproachfor texturesynthesisthatcanbeusedbothasa pixel-basedand
a patch-basedtechnique.Our techniquegenerateshigh-qualitytextures,is signi�cantly fastercomparedto
existing techniques,andprovidesanintuitiveandeasyframework for theunderstandingof texturesynthesis
in general.

Our algorithmusesa �nite statemachine(FSM) to encodetheappearanceof a texture. Eachcolor in
thesourcetexturewill berepresentedin theFSM asa separatestate.Adjacentcolorsin thesourcetexture
arerepresentedasstatetransitions,dependenton the characteristicsof the local neighborhood.Different
occurrencesof the color in the sourcetextures(i.e. different neighborhoods)result in several different
possiblestatetransitionsfrom asinglestate.

By “executing” the FSM, we cangeneratea target texture, very similar in appearanceto the source
texture,which is thegoalof texturesynthesisin general.This is achievedby examiningtheneighborhood
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of thealreadypartially generatedtarget texture,andcomparingit to all possiblestatetransitionsfrom the
currentstatein theFSM.Basedonthis input,astatetransitionandacolor for thenext pixel aredetermined.
Therefore,our approachfollows the ideaof texturesynthesisin general:�nd similar neighborhoodsin the
sourcetexture in orderto determinethenext pixel or patchin the target texture. By converting thesource
textureto aFSM,weobtainaveryef�cient searchmechanism,therebytradingmemoryfor speed.

Textureshave beentraditionally classi�ed as either: Regular (Deterministic)(consistingof repeated
texels)or Stochastic(withoutexplicit texels) [6].

2 PreviousWork

Texture synthesishasbeenan active researchtopic over the pastyears.Publishedtechniquescanbe sub-
dividedin two maincategories:proceduraltexturesynthesis,andtexturesynthesisfrom examples.

2.1 Modelsof TextureSynthesis

Therearetwo modelsfor texturesynthesis:
Procedural Texture Synthesis, in which a function is usedto returna color valueat any given point

in the 3D space.This givesa high quality, continuousandfastgeneratedtexture, but it cannotgenerate
all typesof textures. Examplesof proceduraltexture synthesistechniques:Reaction-Diffusion, which is
a chemicalprocessthat builds up patternsandcanbe simulatedto createtextures. Solid Texture (wood,
marble),3D noisefunction (waterwaves,wood grain andmarble),cellular noisefunction -variantof 3D
noisefunction-(waterwavesandstones),cell cloning [17]. Themain limitation of theproceduraltexture
synthesisapproachis thatcreatinganew texturerequiresaprogrammerto write andtestcodeuntil theresult
hastheright “look”. For moreinformation,we referthereaderto [4].

Texture Synthesisfr om Samples, which dependson a samplepartof thetexturetakenfrom natureor
generatedby humanperson. From that sample,it generatesa completetexture. Pyramid-BasedTexture
Synthesis/FeatureMatching tries to capturespatial frequenciesat different scales. Pixel-BasedTexture
Synthesisassumesthatpixel valuesarechosenby a 2-D stochasticprocess.Patch-BasedTextureSynthesis
tries to copy a completepatchfrom the sampletexture to the target texture. Therearesomeothernon-
popularmethodslike Co-occurrenceMatrices,DiscreteFourier, DiscreteCosineTransforms(orthogonal
transforms),FractalsandMorphology.

Texturesynthesisfrom examples,hasoccupiedmostof theliteraturework for thelastdecade.[7] pro-
posedto analyzetexturesin termsof histogramsof �lter responsesatmultiplescalesandorientations.[14]
wereableto substantiallyimprovesynthesisresultsfor structuredtexturesat thecostof amorecomplicated
optimizationprocedure.[2] scramblestheinput in a coarse-to-�nefashion,preservingtheconditionaldis-
tributionof �lter outputsover multiple scales(jets).After that,moredirectedattentionwasgivento texture
synthesisfrom examples.Thefollowing two subsectionssurvey pixel-basedandpatch-basedtechniquesin
moredetail.

In thefollowing two subsections,wewill talk aboutthepixel-basedandpatch-basedtechniquesin more
detail.

2.2 Pixel-BasedTextureSynthesis

Pixel-basedtexturesynthesisalgorithmsaregenerallybasedonthetheoryof Markov RandomFields(MRF),
a twodimensionalextensionto Markov Chains [13]. Using MRF's, a texture is modeledasa local and
stationaryrandomprocess:eachpixel is classi�edby asmallsetof neighboringpixels(local causality)and
thisclassi�cationis thesamefor all pixels(stationary).
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Non-parametricsampling [5] pioneeredthis approach.They startedsynthesizing(growing) thedesired
textureoutwardspixel by pixel, from a (3 � 3) pixelsseedtaken randomlyfrom the input sampleimage.
For eachpixel to-besynthesizedfrom alreadysynthesizedneighborhoodpixels, an approximationto the
conditionalprobability is constructedfor eachpixel by computinga Gaussianweighted,normalizedsum
of squaredifferencesbetweenthesynthesizedpixelsandthepixel neighborhoodsof eachcandidatein the
input texture.A targetpixel is thenselectedfrom asetof pixelswith highconditionalprobability.

Thealgorithmproposedby [18] makesexcellentuseof the�x edneighborhoodsizeby interpretingall
possibleneighborhoodsin theinput textureasa setof 1D vectors(eachvectoris anorderedconcatenation
of RGB triples) andprocessesthesehigh dimensionalneighborhoodvectorsusing treestructuredvector
quantization(TSVQ). This preprocessresultsin logarithmiccomplexity for eachbest-pixel-searchandan
overall speedupby two ordersof magnitudecomparedto EfrosandLeung'salgorithm,at thepriceof some
artifacts. The algorithmis furthermoreextendedto a multi-resolutionsynthesispyramid which resultsin
smallersearchneighborhoods,with synthesisquality comparableto theuseof largerneighborhoodswith a
singleresolutionsynthesis.

[1] workedon natural(quasi-repeatingpattern)textures.He modi�es the [18] algorithmto encourage
verbatimcopying of piecesof theinput sample.He relieson visualmaskingto hidetheseamsbetweenthe
patches.His algorithmstartsby randomizingthepixelsfrom theinputsampleinto theoutputimage,keeping
in mind theoriginal positions.For eachpixel from theL-shapeneighborhoodin theoutputimage,heuses
its originalpositionin theinput imageto generatea candidatepixel which locationis appropriatelyshifted.
The algorithmwasable to grow patchesstartingfrom someposition in the input sampleandcontinuing
down to thebottomof theimage.

[8] offereda morecomplex, andmoreelegant,algorithmthathandlesboth texturesynthesisandtex-
ture transfer. They do not only combineandextend the work of [18] and [1], but alsogeneralizeto a
correspondingpairof imagesratherthansinglestextures.

Our techniquefor pixel-basedtexturesynthesisis mostlybasedon thatof [18] and [1].

2.3 Patch-BasedTextureSynthesis

[20] in ChaosMosaic, [15] in LappedTextures,and [6] in ImageQuilting earlyworkedonthebatchbased
texture synthesis.[11] tried to make it real-time. [6] make a numberof key insightsthat motivate their
work. They point out that the then-dominantpixel-at-a-timesynthesisalgorithmslike thoseof Efros and
Leung,Wei andLevoy, andAshikhmin,all performexcesscomputationin thecommoncaseof structured
textures.TheextensionthatEfrosandFreemanmake to their algorithmfor texturetransfer(applicationof
a sourcetextureto a target image)is therequirementthateachchosenpatchsatisfya correspondencemap
in additionto thetexturesynthesisrequirements.

[21] usea datastructurecalleda jump map. Eachpixel in the jump mapcontainsa list of references
andprobabilitiesfor matchingpixels. Dependingon this jump map,they synthesizethe target texture in
real-timeby copying blocksfrom thesampletexture.

[3] in ”WangTiles for ImageandTexture Generation”usesWangTiles in his Patch-BasedTexture
Synthesistechnique.WangTiles area setof squaresin which eachedgeof eachtile is colored.Matching
colorededgesarealignedto tile theplane.

[9] suggestsynthesizingnew textureby copying irregularlyshapedpatchesfrom thesampleimageinto
theoutputimage.Thepatchcopying processis performedin two stages.Firstacandidaterectangularpatch
(or patchoffset)is selectedby performingacomparisonbetweenthecandidatepatchandthepixelsalready
in theoutputimage.Second,anoptimalportionof this rectangleis copiedto theoutputimage.Theportion
of thepatchto copy is determinedby usingagraphcutalgorithm.

[12] view a near-regular texture(NRT) asa statisticaldistortionof a regular, wallpaper-like congruent
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tiling, possiblywith individualvariationsin tile shape,size,colorandlighting. In theirpaper, they categorize
theNRTs (which includea wide rangeof textures)into threecategories:(1) a regularstructurallayoutbut
irregularcolorappearancein individual tiles; (2) distortedspatiallayoutbut topologicallyregularalterations
in color; or (3) deviationsfrom regularity in bothstructuralplacementandcolor intensity. They have done
a greatjob in de�ning a measurefor regularity in textures,andthey dealwith NRT asregulartextures.The
resultsarevery goodcomparedto otherpatch-basedtechnique.The userspendsa long time in drawing
latticesde�ning thetexels,adjustingthemisplacedlatticepointsto form thedistortedlattice,lighting map
extraction,andsettingthelevelsof geometryandcolor regularity (gain). And becauseof that,we preferto
considerit astextureeditingandnotastexturesynthesis.

[19] worked on featurematchingfor patch-basedtexture synthesis.They proposeto performtexture
synthesisusingbothsalientfeaturesandtheir deformation,takinginto considerationthatnot every pixel is
equallyimportantin measuringperceptualsimilarity.

3 TextureSynthesiswith FSM

3.1 Finite StateMachines

The studyof �nite statemachines(alsocalled �nite stateautomata)hasa long andextensive history in
computerscience,covering a wide rangeof topics suchas modelingof applicationbehavior, designof
hardwaredigital systems,softwareengineering,andthestudyof computationandlanguages.This section
will brie�y explainthemainprinciplesof FSMs,andwill introducesomenecessaryterminology. For amore
elaborateoverview of FSMsandtheirapplications,wereferthereaderto somebooks,e.g. [10] [16], onthe
subject.A FSMcanbeconsideredasamodelof thebehavior of asystem,with a limited numberof de�ned
conditionsor modes,in which transitionsbetweenmodeschangewith variousinputsandcircumstances.
Finitestatemachinesconsistof 5 mainelements:

1. A setof stateswhich de�ne thebehavior of thesystemandwhich mayproduceactions.Usually, one
stateis designatedastheinitial stateof theFSM;

2. Transitionsbetweenstatesmodel the dynamicbehavior of the system. Not all pairsof stateshave
transitionsde�ned betweenthem;

3. Rulesor conditionsthatmustbemetto allow a transitionto occurfrom onestateto thenext;

4. Input eventswhich areeitherexternallyor internallygeneratedandwhich possiblymaytriggerrules
thatcanleadto statetransitions;

5. Eachstatetransitionmightalsogenerateaspeci�c output.

In �gure 1, all theelementsrelatingto ouruseof FSM areshown.
During a simulation,thebehavior of thesystemis characterizedby its currentstate,andpossiblyalso

by thesequenceof statetransitionsthesystemwentthroughin orderto arriveat its currentstate(thehistory
of thesimulation).Combinedwith speci�c input events,rules(which dependon thecurrentstate)will be
evaluatedthatprescribethetransitionfrom thecurrentstateto thenext, andwhich mayproducetheoutput
thatis theresultof thesimulation.

The natureof theserules subdivides FSMs in two main classes,deterministicand non-deterministic
FSM. In deterministicFSMs, the statetransitioncanbe preciselypredictedfrom its currentstateandall
inputs. Non-deterministicFSMsallow a degreeof uncertaintyor probability in the transitionrules,and
morethanonepossiblestatetransitionmayresultfrom a singleinput. It mayalsobethecasethatmultiple
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Figure1: A symbolicrepresentationof theFSM elements

inputsarereceivedat varioustimes,meaningthatthetransitionfrom thecurrentstateto thenext cannotbe
known until all theinputsareproperlyevaluated.

3.2 The Idea behind using the FSM

Theconceptof the�nite statemachineis thesameneededfor answeringthebasicquestionof synthesizing
a texture,which is Whatis th enext pixel to besynthesized?.
Thestatesof theFSM arethecolorsin thesampletexture.Eachstatecontainsa numberof neighborhoods,
eachof which representsa differenthistory for thatcolor from thesampletexture. The transitionrule for
eachstateis the next for eachneighborhood,which is the next resultingstateafter matchingthe neigh-
borhoodfrom the target texture to eachstoredneighborhood.Thedecisionis takenafter �nding themost
similarneighborhoodbetweenthestateneighborhoodswith theneighborhoodfrom thetargettexture.
We selectedthereferencepixel to bethe�rst pixel nearto theneededpixel. Otherpixelswasaddedto the
vectorandput in thesateof thereferencepixel.
As shown from �gure 2, in eachstatetherearesomehistories.While synthesizingthetexture,in eachline
start,wegodirectly to thestateof thatpixel takingwith usavectorof pixels.Findingthevectorof thebest
matchwith whatin ourhands,wedecidethecolorof thesynthesizedpixel.

3.3 FSM TextureSynthesis

Given the generalapproachoutlinedin the previous section,we will now discussour pixel-basedtexture
synthesisalgorithmin moredetail.

3.3.1 Constructing the FSM

EachRGBcolor thatoccursin thesourcetexturewill de�ne onestatein theFSM.Statetransitionsindicate
thattherespectivecolorsmightoccurnext to eachotheron thesamescanlinein thetargettexture.Thus,we
have to examinethesourcetexture,selectdesiredtransitions,andencodethesein theFSM.
In thespirit of previoustexturesynthesistechniques,thenext pixel to be�lled out duringsynthesiswill be
dependenton the likelinessof the alreadysynthesizedneighborhoodwith a numberof possibleneighbor-
hoodsin thesourcetexture. If a very similar neighborhoodis found, thepixel color on thecorresponding
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Figure 2: A symbolic graphshows how the FSM is constructedfrom a sampletexture. EachL-shape
neighborhood(12pixels)is storedin thestateof its referencepixel. Thesymbolis E is anemptypixel.

positionof theneighborhoodin thesourcetextureis copiedto thepixel to be�lled out in thetargettexture.
During theconstructionof theFSM, it is thereforenecessaryto selectgoodcandidateneighborhoodsthat
canserve asconditionsfor statetransitionsto thenext color. In this sense,we limit thesearchfor similar
neighborhoodsby selectingin advancethe possiblesimilar neighborhoods.We selectthe sameL-shaped
neighborhoodasis usedby [18].

As shown in �gure 2, eachstatehassomeneighborhoodsthatserve asconditionsfor statetransitions.
While synthesizingthetexture,for the�rst pixel of eachline, we go directly to thestateof thatpixel, using
the alreadygeneratedneighborhood(partially containingrandomseedpixels). Finding the bestmatched
neighborhood,we decideon the state,andthusthe color for the next pixel. Following the FSM stateby
state,acompleteline of thetargettexturewill begenerated.

3.3.2 Using the FSM

The differencebetweenneighborhoodsis calculatedusingthe L2-norm of RGB componentsbetweenall
correspondingpixels. Thesmallestdifferencedeterminesthestatetransition,andthusthecolor of thenext
pixel.

In thesynthesisphase,theneighborhoodblockof thetargetpixel is comparedto all storedblocksin the
correspondingstate.Thetargettedstateis thatof the�rst pixel to theleft of thewantedpixel (which is P1in
�gure 3. Thetransitionto thenext statehastwo uses,knowing thetargetpixel andknowing thenext state
which includesthenew setof storedblocksby which thenext comparisonprocesswill takeplace.Thenext
comparisonwill bemadebetweenthenew positionblock of neighborhoodsfrom thenew wantedpixel in
thetargettextureandthesetof storedblocksin thecurrentstate.

As noticed,therewill not beany searchexceptfor the �rst pixel of eachline. TheFSM will leadthe
synthesistill theendof theline in asmoothandfastmanner.
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Figure3: An L-shapelocally similar neighborhood
with thethreereferencepixels' positions.

Figure 4: One of the statesfrom �gure 2 (light
green)extendedto includeF1,F2andF3sub-states,
showing thepositionof the referencepixel in each
storedneighborhood. The round coloredsquares
after the arrows indicate the next state for each
neighborhoodtransition.

4 Extending the Idea

In order to increasethe probability of including good neighborhoodsamongstthosewhich are going to
be tested,we encompasseachneighborhoodthat sharesat leastonedirect neighborpixel with the target
neighborhood.

We have consideredthethreeclosestneighborpixelsasthemostimportantonesto decidewhich pixel
comesnext. We look to thethreeneighborsP1,P2andP3,asshown in �gure 3, and�nd thestoredneigh-
borhoodsthat sharewith this neighborhoodat leastoneof thesepixels. To make this work, the FSM is
extendedin the following way. In eachstateof the extendedFSM, therewill be threesub-statesF1, F2,
andF3. Eachsub-statewill containall neighborhoodsthathave thestate's pixel color in thecorresponding
positionP1,P2,andP3asshown in �gure 4. This meansthatevery t-shapedneighborhoodin thesample
textureexistsin threepositionsin theFSM.
In our technique,theblocksizeof locally similarneighborhoodsis important.In general,it hasto beat least
equalto thefeaturesizein astochastictextureor at leastthetexel sizein astructuredtexture.

We have tried to take four referencepixels, (thenearestfour neighbors),the fourth referenceis that in
the top right corner, it gave nearly the sameresultswith an advantageto the threereferencesin timing
andmemory. We saynearlybecausetherearesometexturesthatproducedbetterresults,especiallyin the
distribution,but theoverall is nearlythesame.

5 Implementation

Ourconcentrationin implementationwason theWei andLevoy L-shapeneighborhood,while wehavealso
tried othershapes,like squarecornershape.In this case,thesynthesiswill not be in thehorizontalraster
scanorder, it will be diagonalscanline sequence.It is not so far from the L-shape,but, it gives some
differentresults. It gave somebetterlooking resultsin sometextures,andworsein others.Theoverall is
worsethantheL-shape.

5.1 Theory

Givenbelow is a schematicoverview of our algorithm,dividedinto constructingtheFSM andsynthesizing
thetargettexture.
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ConstructingtheFSM:
For eachcolor c in thetexture,addastateS(c)to theFSM
For all pixelspx;y , readtheneighborhoodN(px;y )

Setthenext stateto S(Color(px;y ))
Add theblock to S(Color(P1))in F1 sub-state
Add theblock to S(Color(P2))in F2 sub-state
Add theblock to S(Color(P3))in F3 sub-state

Synthesis:
For eachline y in thetargettexture

CurrentState= S(p0;y )
For eachpixel x in theline y

ReadN (px;y ) (from thetargettexture)
Add all N(p) from S(Color(P1)).F1,S(Color(P2)).F2andS(Color(P3)).F3to theworkingsetin S(Color(P1))
For all N(p) in theworkingset:

Find theonewith theleastdifferencewith N(px;y )
nextColor=Color(nextState)
currentState=nextState

5.2 The starting region

First, we have tried to start synthesizingthe target texture with the randombandssuggestedby [18], it
worked well with the stochastictextures. But, for the structuredandnearregular textures,it needslong
beforereachingto thesteadystatesynthesis.We tried anotherthing which is startingwith a randomblock
from thesampletextureof half theneighborhoodblock sizeby half theneighborhoodblock size,andthen
generatea bandfrom thatblock in thehorizontaldirection. Fromthatband,we synthesizedthecomplete
targettexture.

Somethingto be taken into considerationin constructingthis band,which is the neighborhoodpixels
from thetargettexturewill not becomplete,andbecauseof that,we put a �ag E to tell whetherthepixel is
emptyor not. Using this bandleadsto betterresultsthanstartingwith the randompixels from thesource
texture.

This givesustheopportunityto starttakingneighborhoodhistoriesfrom thesampletexturevery close
to the edges,even if the numberof pixels therearenot complete. In the synthesisphase,the numberof
pixelscomparedwill decidewhetherto take thisneighborhoodhistoryin considerationor not.

Figure 5 shows thesynthesisprocedurein thetop-band.It is clearthat thecomparisonis alwaysdone
with nearlyhalf thetotalnumberof pixels.Thiswill bethesamefor thepixelsneartheedges(left andright)
for thecompletesynthesisprocedure.

5.3 Choosingthe neighborhoodblock size

Theneighborhoodblock sizeis very importantin our technique,andthat is to comparethecompletetarget
featurewith that from thesource.Theblock sizeis recommendedto beof sizeminimumequalsto thatof
the texel, or the featuresize. In the checker boardexamplein �gure 6, the block sizein a, b, is enough
to be1 pixel morethanthesquaresize,but, in c, it hasto bemorethandoublethesquaresize(which is a
completefeature,blackandwhitesquares).

5.4 Working with differ ent norms and Weights

Thedifferencebetweentwo historiescanbecalculatedusingdifferentways. Normscanbechanged,and
alsoweightsgivento pixelscanbechangedalso.
We have usedthe L 1N orm to �nd the differencebetweenthe storedL-shapeneighborhoodhistory with
that readfrom the target texture, it did n't give goodresults.TheL 2N orm is thenused,andit is noticed
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Figure5: (a) is theblock copiedfrom thesampletexture,(b, c, andd) synthesizingtheupperbandwith a
locally neighborhoodblocksize5. (e, f) arecompletingthesynthesis.E is for emptypixel, andthearrow is
for thedirectionof synthesis.

(a) (b) (c)

Figure6: Checkerboardsynthesis
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that it gave betterresultsthantheL 1N orm. We tried to work on theuniform pixel weighting,which is all
thepixelshave thesameweight,andthendividing on thenumberof pixelscalculated.An otherway is to
multiply eachpixel by a factordependingon thedistancefrom thecorepixel, giving thehigherweight to
thenearer. Thisgivesthebestresultswehave,andthatwhatwehave followed.

5.5 Working with differ ent color spaces

5.5.1 RGB color space

MostimagingsystemsusethelinearRGBcolorspace.In ourtechnique,wehaveusedthelinearRGBgiving
8 bits integerfor eachcolor. TheL 2N orm differenceis calculatedfor two pixelsp1 andp2 asfollows:

D(p1; p2) = 2
p

(R1 � R2)2 + (G1 � G2)2 + (B1 � B2)2

wherep1 is a pixel from the neighborhoodblock from the target texture, and p2 is a pixel of the same
position,but from astoredneighborhoodblock.

Somethingimportanthereto be mentionedis, sometimesit is betterto work with limited numberof
colors, which means,not so big. In sometextures,especiallywith “.jpg” extension,eachpixel nearly
hasdifferentcolor. In someof thesetextures,it didn't work well, but, reducingthe numberof colors(by
indexing) to have a goodratio (like eachcolor is repeated5 times), the resultsbecamebetter. To avoid
changingtheoriginal texture,we keeptheoriginal sampletexture,andthepositionswhile synthesis.After
�nishing the synthesis,we compensatefrom the original sampletexture. This take moretime, but, gives
betterresults.

5.5.2 Luminance

Pixel valuesin accurategrayscaleimagesarebaseduponluminance. Pixel valuesin accuratecolor images
arebasedupontristimulusvaluesasin theRGB.Wenoticedthatfor thegrayscaletextures,theresultswere
betterthanthatin thecoloredtextures,or in anotherway, for texturesof smallnumberof colors,resultsare
betterthanthoseof high numberof colors.This leadedusto try theluminancein thecalculation,but in the
compensation,to compensatetheoriginal color. This givesus thesameresultsasin the linearRGB. The
luminancewascalculatedasfollows:

Y709 = 0:2126R + 0:7152G + 0:0722B

5.5.3 XYZ color space

TheCIE systemis basedonthediscriptionof colorasluminancecomponentY, asdescribedabove,andtwo
additionalcomponentsX andZ. Thespectralweightingcurvesof X andZ havebeenstandardizedby theCIE
basedon statisticsfrom experimentsinvolving humanobservers. XYZtristimulusvaluescandescribeany
color. Themagnitudeof XYZcomponentsareproportionalto physicalenergy, but therespectralcomposition
correspondsto color matchingcharacteristicsof humanvision. To convert from RGB color spaceto XYZ
colorspacewherethecomponentsof theRGBarein thenominalrange[0.0,1.0],

[ X Y Z ] = [ r g b ] [M ]
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r =
�

R=12:92 R � 0:0445
((R + 0:055)=1:055)2:4 R > 0:0445

�

g =
�

G=12:92 G � 0:0445
((G + 0:055)=1:055)2:4 G > 0:0445

�

b =
�

B =12:92 B � 0:0445
((B + 0:055)=1:055)2:4 B > 0:0445

�

M =

2

4
0:412453 0:357580 0:180423
0:212671 0:715160 0:072169
0:019334 0:119193 0:950227

3

5

5.5.4 Luv Color space

In 1976,theCIE de�ned two new color spacesto enableusto getmoreuniform andaccuratemodels.The
�rst of thesetwo color spacesis theCIE Luv which componentareL*, u* andv*. L* componentde�nes
theluminancy, andu*, v* de�ne chrominancy. CIE Luv is very usedin calculationof smallcolorsor color
differences,especiallywith additivecolors.TheCIE Luv colorspaceis de�ned from CIE XYZ.
CIE XYZ =) CIE Luv

L � = 116�
�

Y
Yn

� 1=3

whether
Y
Yn

> "

L � = � �
�

Y
Yn

�
whether

Y
Yn

� "

u� = 13� L � � (u0� u0
n )

v� = 13� L � � (v0� v0
n )

where

u0 =
4 � X

X + 15� Y + 3 � Z

v0 =
9 � Y

X + 15� Y + 3 � Z

andu0
n andv0

n have thesamede�nitions for u0 andv0 but appliedto thewhite point reference.So,you
have:

u0
n =

4 � X n

X n + 15� Yn + 3 � Zn

v0
n =

9 � Yn

X n + 15� Yn + 3 � Zn

" = 0:008856in theactualCIE standard
� = 903:3 in theactualCIE standard.

In all our transformations,we usethereferencewhite (normalizedwhite) ascalculatedfrom XYZ conver-
sion.So,thenumberswehaveusedareX n = 0:31681867; Yn = 0:333333; andZn = 0:362918.
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5.5.5 Lab Color space

As CIE Luv, CIE Lab is a color spaceintroducedby CIE in 1976. It' s a new incorporatedcolor spacein
TIFF specs.In this color spaceyou usethreecomponents:L* is theluminancy, a* andb* arerespectively
red/blueandyellow/bluechrominancies.Thiscolor spaceis alsode�ned with regardto theCIE XYZ color
spaces.
CIE XYZ =) CIE Lab

L = 116�
�

Y
Yn

� 1=3

whether
Y
Yn

> "

L = � �
�

Y
Yn

�
whether

Y
Yn

� "

a = 500� f (
X
X n

) � f (
Y
Yn

)

b = 200� f (
Y
Yn

) � f (
Z
Zn

)

where
f (t) = t

1
3 if t > "

f (t) =
7:787� t + 16

116
if t � "

" = 0:008856in theactualCIE standard
� = 903:3 in theactualCIE standard.

As we saidin the Luv conversion,the normalizedreferencewhite is the sameusedin Lab asin Luv.
Figure 7 givessomeideaabouttheresultsfrom all color spacesused.

6 Results

We have testedour techniqueon different typesof textures: stochastictextures,irregular textures,near-
regular structuredtextures,andregular textures. As seenfrom �gure 8, it givesgoodresultsin mostof
thetestedtextures.Figure 8 show someof theresultswith thesourcetexturein thecornerof eachtexture.
Someof thetestedtexturesarefrom previousauthors,while otherareour textures.

The statisticsof the resultsin �gure 8 areput in table 1. As shown from the table,if the numberof
colorsis big, the numberof testedneighborhoodhistoriesis small, andso the time taken to synthesizea
texture is small, andvice versa. If the sizeof the sampletexture is big, the time taken for synthesizinga
texture is alsobig, takinginto considerationthenumberof colors. Thereis onemorething thataffectsthe
timeing, which is the neighborhoodsize. If the neighborhoodsize increased,the time -for sure-will be
increasedandthatbecausethenumberof pixelswantedto betestedincreased.

Thetexturesin the�gure have thesameorderastherestatisticsin thetable.Theneighborhoodsizefor
texturea is 5, for b is 9, for c is 11, for d is 17, for e is 17, for f is 23, for g is 19and�nally for h is 25. The
sizeof thesampletexturegivesanindicationto thenumberof neighborhoodhistoriesstored.Thetimings
aretakenonanAMD Athlon 1.84GHzPC.
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(a)UsingRGBcolor space

(b) UsingXYZ colorspace

(c) UsingLuv colorspace

(d) UsingLabcolorspace

Figure7: Comparisonsfor diffrentcolorspaces.In eachrow, the�rst textureis synthesizedusingneighbor-
hoodblocksizeof 11, thesecond13, thethird 15.

13



Figure8: Someexamplesof our technique

Samplesize Prep.time Synthesistime Total time No of States N tested

100� 100 0.0277 0.59 0.62 9204 1.74
150� 150 0.0432 2.01 2.05 21609 2.26
100� 100 0.0383 83.53 83.57 2768 98
150� 150 0.0261 3.01 3.04 21062 2.51
192� 192 0.177 15.54 15.72 14460 12.29
100� 100 0.016 8.048 8.064 9374 2.60
100� 100 0.0352 8.59 8.63 8665 2.9
100� 100 0.0173 598.5 598.5 234 227.99

Table1: Timingsfor thetexturesin �gure 8. Thesynthesizedtextureshavearesolutionof 400� 400pixels.
All timesaregiven in seconds.N tested is the averagenumberof neighborhoodstestedfor synthesizinga
pixel.
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7 Comparisons

Thewell known pixel basedtechniquesarethoseof W/L andAshikhmin. In this section,we aregoing to
comparesomeof our resultswith their results.Figure 2 givessomecomparisonsbetwentheresultsfrom
our techniquewith thosefrom Wei andLevoy, bothexhaustivesearchandusingtheTSVQ,andAshikhmin.
Ourresultsarenotnearerto Ashikhminin stochastictextures,but farbetterin thenear-regulartextures.It is
clear, also,thatour resultsarebetterthanWei andLevoy in boththeexhaustive searchandtheaccelerated
usingTSVQ.For sure,our techniqueis muchfasterthanW/L, andthatis becauseof thenumberof histories
to becomparedeachpixel generation.Purtechniqueis alsofasterthanAshikhmin's,especiallyin textures
of heighnumberof colorsandsmall features,wherethe resultsarecomparable.But, in texturesof big
texels, our techniquebecomesnearerto Ashikhmin,wheretheresultsbecomemuchbetter.

Thesizesareastakenfrom thesources.Someof theresultsaretakenfrom theirpapers,othersaretaken
from theirweb-pages.The�rst pictureis thesampletexture.

8 Discussion

Thepresentedalgorithmis ableto createhigh quality texturesvery fast.Themainreasonfor this speed-up
is thatwe do not performanexhaustive searchfor a bestmatch.If we have N pixels in thesampletexture
andC differentcolors,thenwe have on averageN/C differentneighborhoodsperstate. If C is high, then
theaveragenumberof neighborhoodsis low andthusvery few neighborhoodshave to becompared.As a
result,thebestmatchingneighborhoodis foundalmostimmediately. Evenif thenumberof differentcolors
is low (e.g.100)thenourmethodis still 100timesfasterthananexhaustivesearch.

Our methodalsoproduceshigherquality textures.Thereasonbehindthis is thatour methodforcesat
leastoneof the immediateneighboringpixels to matchexactly. By forcing sucha matcha large number
of undesirablematches(i.e. neighborhoodswith a low L2-error contribution on distantpixels anda high
L2-errorcontribution on nearbypixels)areremovedfrom thesearchspace.Suchundesirablematcheslead
to cutsanddiscontinuitiesin thesynthesizedtexture.UsingadistanceweightedL2-normandanexhaustive
searchwould resultin similar results,however it wouldbemuchslower thanourmethod.

Ourtechniquehassomelimitationsaswell. Theuserhastoselectanoptimalblock-size,whichisusually
foundby synthesizingthetexturea numberof timeswith differentblock-sizes.Textureswith a largetexel
sizerequirelarger block-sizes,which causeslongerprocessingtimesandgreatermemoryusage.Sample
textureswith few colorsalsohave a larger numberof neighborhoodsper state,andthusprocessing-time.
However, theresultsfor botharestill verygood.

9 Conclusionand Futur eWork

We have presenteda novel approachfor texturesynthesisbasedon pixel basedconcepts.Our techniqueis
signi�cantly fasterandproducesbetterresultscomparedto existing methodsfor a wide rangeof textures.
Userinteractionis limited to selectingablock-size.

Futurework will focusonimproving memoryusageandautomatedblock-sizedetermination.Wewould
alsolike to extendourmethodto directlysynthesizeona3D-surface.
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