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Abstract

In this technical report, we preser a texture synthesistechnique
that stores all possible histories in memory structure acting as a
Finite State Machine. The histories, which are the most probable
spatial neighborhood for eat pixel or patch, are storedin eat 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-regulartex-
tures. We shaw that our technique is faster, and givesbetter results
than previous pixel- or patch-basedtechniques, with minimal user
input.
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Abstract

In this technicalreport,we presenta texture synthesigechniquethat storesall possiblehistoriesin
memorystructureactingasa Finite StateMachine. The histories,which arethe mostprobablespatial
neighborhoodor eachpixel or patch,arestoredin eachstateof the FSM. After constructinghatstruc-
ture, the synthesiggoesvery fastandsmoothin a rasterscanorder We foundthatour techniquewnorks
well for awide variety of textures,rangingfrom stochastic¢o regularstructuredextures,includingnear
regular textures. We shav that our techniqueis faster and gives betterresultsthan previous pixel- or
patch-basetechniqueswith minimal userinput.

1 Intr oduction

Texture synthesisalgorithmsgenerataew images startingfrom a sourcetexture asinput. The new texture
looks very similar, but differentthanthe sourcetexture. Texture synthesishasa variety of applicationsin
computergraphicscomputervision andimageprocessinguchastexture mapping,completionof missing
partsof animage,motionsynthesis,Im postproductionandcompressiomf imagesandvideosequences.
Therearetwo approaches de ning textures:

1. Top-dawvn approachthereis a basicelement(texel or texton) anda placementule thatde nes how
andwhereelementsareplaced.(bricks)

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

In this report,we presentan approachor texture synthesighat canbe usedboth asa pixel-basedand
a patch-basetechnique.Our techniquegenerate$igh-qualitytextures,is signi cantly fastercomparedo
existing techniquesandprovidesanintuitive andeasyframework for theunderstandingf texture synthesis
in general.

Our algorithmusesa nite statemachine(FSM) to encodethe appearancef a texture. Eachcolorin
the sourcetexturewill berepresenteth the FSM asa separatestate. Adjacentcolorsin the sourcetexture
arerepresente@s statetransitions,dependentn the characteristicef the local neighborhood.Different
occurrence®f the color in the sourcetextures(i.e. different neighborhoodsyesultin several different
possiblestatetransitionsfrom a singlestate.

By “executing” the FSM, we can generatea tamget texture, very similar in appearancéo the source
texture, which is the goal of texture synthesisn general.This is achiered by examiningthe neighborhood
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of the alreadypartially generatedarget texture, andcomparingit to all possiblestatetransitionsfrom the
currentstatein the FSM. Basedon thisinput, a statetransitionanda color for thenext pixel aredetermined.
Therefore our approactollows theideaof texture synthesisn general: nd similar neighborhoodsn the
sourcetexturein orderto determinethe next pixel or patchin the targettexture. By corverting the source
textureto a FSM, we obtainavery ef cient searchmechanismtherebytradingmemaoryfor speed.

Textures have beentraditionally classi ed as either: Regular (Deterministic)(consistingof repeated
texels)or Stochastigwithout explicit texels) [6].

2 Previous Work

Texture synthesishasbeenan active researcttopic over the pastyears. Publishedechniquesanbe sub-
dividedin two maincatagories:proceduratexture synthesisandtexture synthesigrom examples.

2.1 Modelsof Texture Synthesis

Therearetwo modelsfor texture synthesis:

Procedural Texture Synthesis in which a functionis usedto returna color value at ary given point
in the 3D space. This givesa high quality, continuousand fastgeneratedexture, but it cannotgenerate
all typesof textures. Examplesof proceduraltexture synthesigechniques:Reaction-Difusion, which is
a chemicalprocesghat builds up patternsand can be simulatedto createtextures. Solid Texture (wood,
marble),3D noisefunction (waterwaves, wood grain and marble),cellular noisefunction -variantof 3D
noisefunction- (waterwavesandstones)cell cloning [17]. The mainlimitation of the proceduratexture
synthesigpproachs thatcreatinganew texturerequiresa programmeto write andtestcodeuntil theresult
hastheright “look”. For moreinformation,we referthereaderto [4].

Texture Synthesisfrom Samples which depend®n a samplepart of the texture taken from natureor
generatedy humanperson. From that sample,it generates completetexture. Pyramid-Basedexture
Synthesis/FeaturMatching tries to capturespatialfrequenciesat different scales. Pixel-BasedTexture
Synthesisassumeshatpixel valuesarechoserby a 2-D stochastigrocessPatch-Basedexture Synthesis
tries to copy a completepatchfrom the sampletexture to the target texture. Thereare someothernon-
popularmethodslike Co-occurrencévatrices, DiscreteFourier, DiscreteCosineTransforms(orthogonal
transforms)FractalsandMorphology

Texture synthesidrom exampleshasoccupiedmostof theliteraturework for the lastdecade.[7] pro-
posedo analyzetexturesin termsof histogramsf Iter responseat multiple scalesandorientations.[14]
wereableto substantiallimprove synthesigesultsfor structuredexturesatthe costof amorecomplicated
optimizationprocedure.[2] scramblegheinputin a coarse-to- nefashion preservinghe conditionaldis-
tribution of Iter outputsover multiple scaleqjets). After that, moredirectedattentionwasgivento texture
synthesisrom examples.Thefollowing two subsectionsurwey pixel-basedandpatch-basetechniquesn
moredetail.

In thefollowing two subsectionsye will talk aboutthe pixel-basedndpatch-basetechniquesn more
detail.

2.2 Pixel-BasedTexture Synthesis

Pixel-basedexturesynthesisalgorithmsaregenerallybasednthetheoryof Markov Randontields(MRF),
a twodimensionakxtensionto Markov Chains [13]. Using MRF's, a texture is modeledas a local and
stationaryrandomprocesseachpixel is classi ed by a smallsetof neighboringpixels (local causality)and
this classi cationis the samefor all pixels(stationary).



Non-parametricsampling [5] pioneeredhis approachThey startedsynthesizinggrowing) the desired
texture outwardspixel by pixel, froma (3  3) pixels seedtaken randomlyfrom the input sampleimage.
For eachpixel to-be synthesizedrom alreadysynthesizetheighborhoodixels, an approximationto the
conditionalprobability is constructedor eachpixel by computinga Gaussianweighted,normalizedsum
of squaredifferencesetweenhe synthesizegixels andthe pixel neighborhoodsf eachcandidatan the
inputtexture. A targetpixel is thenselectedrom a setof pixelswith high conditionalprobability.

Thealgorithmproposedy [18] makesexcellentuseof the x edneighborhooizeby interpretingall
possibleneighborhood# the input texture asa setof 1D vectors(eachvectoris an orderedconcatenation
of RGB triples) and processeshesehigh dimensionalneighborhoodsectorsusing tree structuredvector
guantization(TSVQ). This preprocessesultsin logarithmic compleity for eachbest-pixl-searcrandan
overall speeduby two ordersof magnitudecomparedo EfrosandLeung's algorithm,at the price of some
artifacts. The algorithmis furthermoreextendedto a multi-resolutionsynthesigpyramid which resultsin
smallersearchmeighborhoodsyith synthesisjuality comparabldo the useof larger neighborhoodsvith a
singleresolutionsynthesis.

[1] worked on natural(quasi-repeatingattern)textures.He modi es the [18] algorithmto encourage
verbatimcopying of piecesof theinput sample.He relieson visualmaskingto hidethe seamdetweernhe
patchesHis algorithmstartsby randomizinghepixelsfrom theinputsampldanto theoutputimage keeping
in mind the original positions.For eachpixel from the L-shapeneighborhoodn the outputimage,he uses
its original positionin theinputimageto generatea candidategpixel which locationis appropriatelyshifted.
The algorithmwas ableto grow patchesstartingfrom somepositionin the input sampleand continuing
down to thebottomof theimage.

[8] offereda more comple, andmore elegant, algorithmthat handlesboth texture synthesisandtex-
ture transfer They do not only combineand extendthe work of [18] and [1], but alsogeneralizeto a
correspondingpair of imagesratherthansinglestextures.

Ourtechniquefor pixel-basedexture synthesiss mostlybasednthatof [18] and [1].

2.3 Patch-BasedTexture Synthesis

[20] in ChaosMosaic, [15] in LappedTextures,and [6] in ImageQuilting earlyworkedonthebatchbased
texture synthesis[11] tried to male it real-time. [6] make a numberof key insightsthat motivate their
work. They point out that the then-dominanpixel-at-a-timesynthesisalgorithmslik e thoseof Efros and
Leung,Wei andLevoy, and Ashikhmin, all performexcesscomputationn the commoncaseof structured
textures. The extensionthat Efros andFreemarmale to their algorithmfor texture transfer(applicationof
a sourcetextureto atargetimage)is the requirementhat eachchoserpatchsatisfya correspondencmap
in additionto thetexture synthesigequirements.

[21] usea datastructurecalleda jump map. Eachpixel in the jump mapcontainsa list of references
and probabilitiesfor matchingpixels. Dependingon this jump map, they synthesizeéhe target texture in
real-timeby copying blocksfrom the sampletexture.

[3] in "Wang Tiles for Imageand Texture Generation"usesWang Tiles in his Patch-Basedrexture
Synthesigechnique . WangTiles area setof squaresn which eachedgeof eachtile is colored. Matching
colorededgesarealignedto tile the plane.

[9] suggessynthesizingnew texture by copying irregularly shapecpatchedrom the sampleémageinto
theoutputimage.Thepatchcopying processs performedn two stagesFirsta candidateectangulapatch
(or patchoffset)is selectedy performinga comparisorbetweerthe candidatgpatchandthe pixelsalready
in theoutputimage.Secondanoptimal portion of this rectangles copiedto the outputimage.The portion
of the patchto copy is determinedy usingagraphcutalgorithm.

[12] view a nearregulartexture (NRT) asa statisticaldistortionof a regular, wallpapetlike congruent



tiling, possiblywith individualvariationsn tile shapesize,colorandlighting. In theirpaperthey catayorize
the NRTs (which include a wide rangeof textures)into threecateyories: (1) a regular structurallayout but
irregularcolorappearanci individualtiles; (2) distortedspatiallayoutbut topologicallyregularalterations
in color; or (3) deviationsfrom regularity in both structuralplacementndcolor intensity They have done
agreatjob in de ning ameasurdor regularity in textures,andthey dealwith NRT asregulartextures.The
resultsare very good comparedo other patch-basedechnique. The userspendsa long time in drawing
latticesde ning the texels, adjustingthe misplacedattice pointsto form the distortedlattice, lighting map
extraction,andsettingthe levels of geometryandcolor regularity (gain). And becausef that, we preferto
consideiit astexture editingandnot astexture synthesis.

[19] worked on featurematchingfor patch-basedexture synthesis.They proposeto performtexture
synthesisusingboth salientfeaturesandtheir deformationtakinginto consideratiorthatnot every pixel is
equallyimportantin measuringoerceptuasimilarity.

3 Texture Synthesiswith FSM

3.1 Finite StateMachines

The study of nite statemachined(alsocalled nite stateautomatahasa long and extensie history in
computerscience,covering a wide rangeof topics suchas modelingof applicationbehaior, designof
hardwaredigital systemssoftwareengineeringandthe studyof computatiorandlanguagesThis section
will brie y explainthemainprinciplesof FSMs,andwill introducesomenecessarierminology Foramore
elaborateoverview of FSMsandtheir applicationswe referthereaderto somebooks,e.g. [10] [16], onthe
subject.A FSM canbeconsideredisa modelof thebehaior of asystemwith alimited numberof de ned
conditionsor modes,in which transitionsbetweenmodeschangewith variousinputs and circumstances.
Finite statemachinesonsistof 5 mainelements:

1. A setof stateswvhich de ne the behaior of the systemandwhich may produceactions.Usually, one
stateis designateéstheinitial stateof the FSM,;

2. Transitionsbetweenstatesmodelthe dynamicbehaior of the system. Not all pairsof stateshave
transitionsde ned betweerthem;

3. Rulesor conditionsthatmustbe metto allow atransitionto occurfrom onestateto the next;

4. Inputeventswhich areeitherexternally or internally generatedndwhich possiblymaytriggerrules
thatcanleadto statetransitions;

5. Eachstatetransitionmight alsogenerate speci ¢ output.

In gure 1, all theelementgelatingto our useof FSM areshown.

During a simulation,the behaior of the systemis characterizedby its currentstate,andpossiblyalso
by thesequencef statetransitionshe systemwentthroughin orderto arrive atits currentstate(the history
of the simulation). Combinedwith speci ¢ input events,rules(which dependon the currentstate)will be
evaluatedthat prescribehetransitionfrom the currentstateto the next, andwhich may producethe output
thatis theresultof the simulation.

The natureof theserules subdvides FSMsin two main classesdeterministicand non-deterministic
FSM. In deterministicFSMs, the statetransitioncan be preciselypredictedfrom its currentstateandall
inputs. Non-deterministidc<SMs allow a degreeof uncertaintyor probability in the transitionrules, and
morethanonepossiblestatetransitionmay resultfrom a singleinput. It may alsobethe casethatmultiple



State’s

/_,,,—-,‘. color
Transition___p-{ I g —

> % / o

_.':__7 \ 1_7 -
T ~[—] e pr—
(/ F“ j‘(——“ﬁ_ ""’-I_i_‘.'\ E’ [j

\\iﬁ sl bic: \ P

I\ vt

I\ \

; ‘ — r

[ “-\_l,_’_”+|’,/'/ﬁ - =,
Stored ( —
Histories =

e

Figurel: A symbolicrepresentatioonf the FSM elements

inputsarerecevedat varioustimes,meaningthatthe transitionfrom the currentstateto the next cannotbe
known until all theinputsareproperlyevaluated.

3.2 Theldeabehind usingthe FSM

Theconcepiof the nite statemachines thesameneededor answeringhe basicquestionof synthesizing
atexture,whichis Whatis th enet pixelto be synthesized?.

The statesof the FSM arethe colorsin the sampletexture. Eachstatecontainsa numberof neighborhoods,
eachof which represents differenthistory for that color from the sampletexture. The transitionrule for
eachstateis the next for eachneighborhoodwhich is the next resultingstateafter matchingthe neigh-
borhoodfrom the tagettexture to eachstoredneighborhood.The decisionis taken after nding the most
similar neighborhoodetweerthe stateneighborhoodsvith the neighborhoodrom thetargettexture.

We selectedhereferencepixel to bethe rst pixel nearto the neededixel. Otherpixelswasaddecto the
vectorandputin the sateof thereferencepixel.

As shavn from gure 2,in eachstatetherearesomehistories.While synthesizinghetexture,in eachline
start,we go directly to the stateof that pixel takingwith usavectorof pixels. Findingthe vectorof thebest
matchwith whatin our handswe decidethe color of the synthesizegbixel.

3.3 FSM Texture Synthesis

Giventhe generalapproachoutlinedin the previous section,we will now discussour pixel-basedexture
synthesisalgorithmin moredetail.

3.3.1 Constructing the FSM

EachRGB colorthatoccursin the sourcetexturewill de ne onestatein the FSM. Statetransitionsindicate
thattherespectre colorsmightoccurnext to eachotheron thesamescanlinen thetargettexture. Thus,we
have to examinethe sourcetexture, selectdesiredransitionsandencodehesen the FSM.

In the spirit of previoustexture synthesigechniquesthe next pixel to be lled out during synthesiswill be
dependenon the likelinessof the alreadysynthesizedeighborhoodvith a numberof possibleneighbor
hoodsin the sourcetexture. If avery similar neighborhoods found, the pixel color on the corresponding
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Figure 2: A symbolic graphshons how the FSM is constructedrom a sampletexture. EachL-shape
neighborhood12 pixels)is storedin the stateof its referencepixel. Thesymbolis E is anemptypixel.

positionof the neighborhoodn the sourcetextureis copiedto the pixel to be lled outin thetamettexture.
During the constructionof the FSM, it is thereforenecessaryo selectgoodcandidateneighborhoodshat
cansene asconditionsfor statetransitionsto the next color. In this sensewe limit the searchfor similar
neighborhoodsy selectingin advancethe possiblesimilar neighborhoodsWe selectthe samelL-shaped
neighborhoodsis usedby [18].

As shovnin gure 2, eachstatehassomeneighborhoodshatsene asconditionsfor statetransitions.
While synthesizinghetexture,for the rst pixel of eachline, we go directly to the stateof thatpixel, using
the alreadygeneratedheighborhoodpartially containingrandomseedpixels). Finding the bestmatched
neighborhoodwe decideon the state,andthusthe color for the next pixel. Following the FSM stateby
state,acompletdine of thetamgettexturewill begenerated.

3.3.2 Usingthe FSM

The differencebetweenneighborhoodss calculatedusingthe L2-norm of RGB componentdetweenall
correspondingixels. The smallestdifferencedetermineghe statetransition,andthusthe color of the next
pixel.

In the synthesigphasethe neighborhoodlock of thetametpixel is comparedo all storedblocksin the
correspondingtate. Thetargettedstateis thatof the rst pixel to theleft of thewantedpixel (whichis P1in
gure 3. Thetransitionto the next statehastwo uses knowing the target pixel andknowing the next state
whichincludesthe new setof storedblocksby whichthe next comparisorprocesswill take place.The next
comparisorwill be madebetweenthe new positionblock of neighborhood$rom the new wantedpixel in
thetamgettextureandthe setof storedblocksin the currentstate.

As noticed,therewill not be ary searchexceptfor the rst pixel of eachline. The FSM will leadthe
synthesigill theendof theline in asmoothandfastmanner
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Figure3: An L-shapelocally similar neighborhood  Figure 4. One of the statesfrom gure 2 (light

with thethreereferencepixels' positions. green)extendedo includeF1, F2andF3 sub-states,
shaving the positionof the referencepixel in each
storedneighborhood. The round colored squares
after the arrows indicate the next state for each
neighborhoodransition.

4 Extendingthe ldea

In orderto increasethe probability of including good neighborhoodsimongstthosewhich are going to
be tested,we encompasgachneighborhoodhat sharesat leastone direct neighborpixel with the target
neighborhood.

We have consideredhethreeclosesmeighborpixels asthe mostimportantonesto decidewhich pixel
comesnext. We look to thethreeneighbordP1,P2andP3,asshavnin gure 3,and nd thestoredneigh-
borhoodsthat sharewith this neighborhoodt leastone of thesepixels. To make this work, the FSM is
extendedin the following way. In eachstateof the extendedFSM, therewill bethreesub-state$1, F2,
andF3. Eachsub-statewvill containall neighborhoodshathave the states pixel colorin the corresponding
positionP1,P2,andP3asshavnin gure 4. This meanghateveryt-shapecdheighborhoodn the sample
textureexistsin threepositionsin the FSM.

In ourtechniquetheblock sizeof locally similar neighborhoodss important.In generaljt hasto beatleast
equalto thefeaturesizein a stochastidexture or atleastthetexel sizein a structuredexture.

We have tried to take four referencepixels, (the nearesfour neighbors)the fourth references thatin
the top right corner, it gave nearly the sameresultswith an adwantageto the threereferencesn timing
andmemory We saynearly becauseherearesometexturesthat producedbetterresults,especiallyin the
distribution, but the overallis nearlythe same.

5 Implementation

Our concentratiorin implementatiorwason the Wei andLevoy L-shapeneighborhoodwhile we have also
tried othershapeslike squarecornershape.In this case the synthesiswill not bein the horizontalraster
scanordet it will be diagonalscanline sequence.lt is not so far from the L-shape,but, it givessome
differentresults. It gave somebetterlooking resultsin sometextures,andworsein others. The overall is
worsethanthe L-shape.

5.1 Theory

Givenbelaw is aschematioverview of our algorithm,dividedinto constructinghe FSM andsynthesizing
thetamgettexture.



Constructinghe FSM:
For eachcolor c in thetexture,adda stateS(c)to the FSM
For all pixelspx.y , readtheneighborhoodN(px:y )
Setthenext stateto S(Colorpx:y ))
Add theblockto S(Color(P1))in F1 sub-state
Add theblockto S(Color(P2))in F2 sub-state
Add theblockto S(Color(P3))in F3 sub-state

Synthesis:
For eachline y in thetamettexture
CurrentState= S(po;y )
For eachpixel x in theline y
ReadN (px;y ) (from thetargettexture)
Add all N(p) from S(Color(P1)).F1S(Color(P2)).FandS(Color(P3)).F3o theworking setin S(Color(P1))
For all N(p) in theworking set:
Findthe onewith theleastdifferencewith N(px.y )
nextColor=Color(netState)
currentStatenextState

5.2 The starting region

First, we have tried to start synthesizingthe target texture with the randombandssuggestedy [18], it
worked well with the stochastidextures. But, for the structuredand nearregular textures, it needslong
beforereachingio the steadystatesynthesisWe tried an otherthing which is startingwith a randomblock
from the sampletexture of half the neighborhoodlock sizeby half the neighborhoodlock size,andthen
generatea bandfrom thatblock in the horizontaldirection. Fromthatband,we synthesizedhe complete
tamgettexture.

Somethingto be takeninto consideratiorin constructingthis band,which is the neighborhoodixels
from thetargettexturewill notbe complete andbecaus®f that,we puta ag E to tell whetherthe pixel is
emptyor not. Using this bandleadsto betterresultsthanstartingwith the randompixels from the source
texture.

This givesusthe opportunityto starttaking neighborhoodistoriesfrom the sampletexture very close
to the edges.evenif the numberof pixels thereare not complete. In the synthesigphase the numberof
pixelscomparedwill decidewhetherto take this neighborhoodistoryin consideratioror not.

Figure 5 shaws the synthesigprocedurean thetop-band.lt is clearthatthe comparisoris alwaysdone
with nearlyhalf thetotal numberof pixels. Thiswill bethesamefor thepixelsneartheedgeqleft andright)
for thecompletesynthesigprocedure.

5.3 Choosingthe neighborhoodblock size

The neighborhoodlock sizeis very importantin our techniqueandthatis to comparehe completetarget
featurewith thatfrom the source.The block sizeis recommendetb be of sizeminimumequalsto that of
thetexel, or the featuresize. In the checler boardexamplein gure 6, the block sizein a, b, is enough
to be 1 pixel morethanthe squaresize,but, in ¢, it hasto be morethandoublethe squaresize (whichis a
completefeature blackandwhite squares).

5.4 Working with differ ent norms and Weights

The differencebetweentwo historiescanbe calculatedusingdifferentways. Normscanbe changedand
alsoweightsgivento pixelscanbechangedlso.

We have usedthe LN orm to nd the differencebetweenthe storedL-shapeneighborhoochistory with
thatreadfrom the targettexture, it did n't give goodresults. The L 2N orm is thenused,andit is noticed
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thatit gave betterresultsthanthe L 1N orm. We tried to work on the uniform pixel weighting,which s all
the pixels have the sameweight, andthendividing on the numberof pixels calculated.An otherway is to
multiply eachpixel by a factordependingon the distancefrom the corepixel, giving the higherweightto
thenearer This givesthebestresultswe have, andthatwhatwe have followed.

5.5 Working with differ ent color spaces

5.5.1 RGB color space

MostimagingsystemaisethelinearRGB colorspaceln ourtechniquewe have usedthelinearRGB giving
8 bits integerfor eachcolor. TheL >N orm differenceis calculatedor two pixelsp; andp, asfollows:

9]
D(py;p2) = * (R1 R2)?+ (G1 G2)2+ (B1 By)?

wherep; is a pixel from the neighborhoodlock from the tamget texture, and p, is a pixel of the same
position,but from a storedneighborhoodlock.

Somethingmportanthereto be mentionedis, sometimest 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 repeated times), the resultsbecamebetter To avoid
changingthe original texture, we keepthe original sampletexture,andthe positionswhile synthesis After
nishing the synthesiswe compensatérom the original sampletexture. This take moretime, but, gives
betterresults.

5.5.2 Luminance

Pixel valuesin accurategrayscaldmagesarebaseduponluminance Pixel valuesin accuratecolorimages
arebasedupontristimulusvaluesasin the RGB. We noticedthatfor the grayscaldextures,theresultswere
betterthanthatin the coloredtextures,or in anotherway, for texturesof smallnumberof colors,resultsare
betterthanthoseof high numberof colors. This leadedusto try theluminancein the calculation but in the
compensationto compensatehe original color. This givesusthe sameresultsasin the linear RGB. The
luminancewascalculatedasfollows:

Y700 = 0:2126R + 0:71525 + 0:0728

5.5.3 XYZ color space

TheCIE systemis basednthediscriptionof colorasluminancecomponeny, asdescribedbove, andtwo

additionalcomponentX andZ. Thespectralveightingcurvesof X andZ have beenstandardizetdy the CIE

basedon statisticsfrom experimentsinvolving humanobserers. XYZtristimulusvaluescandescribeary

color. Themagnitudeof XYZcomponentareproportionako physicalenepy, buttherespectracomposition
correspondso color matchingcharacteristicef humanvision. To corvert from RGB color spaceo XYZ

color spac#herethe component®f the RGB arein thenominalrange][0.0, 1.0],

[X Y Z]=[r g b]M]

10



R=12:92 R 0:0445
((R + 0:055)=1:055* R > 0:0445

~ G=12.92 G 0:0445
9% ((G+ 0:055FL:0552% G > 0:0445
. B=12:92 B 0:0445

((B + 0:055}1:055¢* B > 0:0445

3
0:412453 0:357580 0:180423

M =4 0:212671 0:715160 0:0721695
0:019334 0:119193 0:950227

5.5.4 Luv Color space

In 1976,the CIE de ned two new color spacego enableusto getmoreuniform andaccuratenodels.The
rst of thesetwo color spacess the CIE Luv which componenarelL*, u* andv*. L* componentle nes
theluminang, andu*, v* de ne chrominang. CIE Luv is very usedin calculationof smallcolorsor color

differencesespeciallywith additive colors. The CIE Luv color spaces de ned from CIE XYZ.
CIEXYZ =) CIELuv

y = Y
L =11 — hether— > "
6 Y. whet erYn
Y Y
L = —  whether— "
Ynh Yn
u=13 L @ ud
v =13 L (v V9
where
L0= 4 X
T X+15 Y+3 Z
0 9 Y

Ve X¥15 Y+3 Z

andu? andv? have the samede nitions for u®andv®but appliedto the white point reference So, you
have:

0 4 Xq

u- =

" X,+15 Y,+3 Z,
9 Y,

VO = n

Xn+ 15 Yq+3 Z,

" = 0:008856in theactualCIE standard
= 9033 in theactualCIE standard.

In all our transformationsye usethe referencewhite (normalizedwhite) ascalculatedrom XYZ corver-
sion. So,thenumbersve have usedareX , = 0:31681867Y, = 0:333333andZ, = 0:362918
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5.5.5 Lab Color space

As CIE Luv, CIE Labis a color spaceintroducedby CIE in 1976. It's a new incorporatecdcolor spacen
TIFF specs.In this color spaceyou usethreecomponentsL* is theluminang, a* andb* arerespectiely
red/blueandyellow/blue chrominanciesThis color spacds alsode ned with regardto the CIE XYZ color
spaces.

CIEXYZ =) CIELab

y 8 Y
L=116 — whether — > "
Yn Yn
Y Y
L = — hether— "
v, " Y,

X Y
a=500 () f()

Y Z
b= 200 f(Y—n) f(Z)
where )
f(t)=tsift>"
7787 t+ 16i
116

" = 0:008856in theactualCIE standard
= 9033 in theactualCIE standard.

f(t) = ft

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

6 Results

We have testedour techniqueon differenttypesof textures: stochastidextures,irregular textures, near
regular structuredtextures,andregular textures. As seenfrom gure 8, it givesgoodresultsin mostof
thetestedextures.Figure 8 shov someof theresultswith the sourcetexturein the cornerof eachtexture.
Someof thetestedtexturesarefrom previousauthorswhile otherareour textures.

The statisticsof theresultsin gure 8 areputin table 1. As shovn from thetable,if the numberof
colorsis big, the numberof testedneighborhoodhistoriesis small, and so the time taken to synthesizea
texture is small, andvice versa. If the sizeof the sampletexture is big, the time taken for synthesizinga
textureis alsobig, takinginto consideratiorthe numberof colors. Thereis onemorething thataffectsthe
timeing, which is the neighborhoodsize. If the neighborhoodsize increasedihe time -for sure-will be
increasedindthatbecausehe numberof pixelswantedto betestedncreased.

Thetexturesin the gure have the sameorderastherestatisticsn thetable. The neighborhoodizefor
textureais 5, for bis 9,for cis 11,for dis 17,for eis 17,for f is 23,for gis 19and nally for his 25. The
sizeof the sampletexture givesanindicationto the numberof neighborhoodistoriesstored. Thetimings
aretakenonanAMD Athlon 1.84GHz PC.
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(d) UsingLab color space

Figure7: Comparisonsor diffrentcolorspacesin eachrow, the rst textureis synthesizedisingneighbor
hoodblock sizeof 11, thesecondl3, thethird 15.
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Figure8: Someexamplesof ourtechnique

Samplesize | Prep.time | Synthesigime | Totaltime | No of States| Nested
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

Tablel: Timingsfor thetexturesin gure 8. Thesynthesizedextureshave aresolutionof 400 400pixels.
All timesaregivenin seconds.Nesteq iS the averagenumberof neighborhoodsestedfor synthesizinga
pixel.
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7 Comparisons

Thewell known pixel basedechniquesarethoseof W/L andAshikhmin. In this section,we aregoingto
comparesomeof our resultswith their results. Figure 2 givessomecomparisondetwenthe resultsfrom
ourtechniquewith thosefrom Wei andLevoy, bothexhaustve searcrandusingthe TSVQ, andAshikhmin.
Ourresultsarenotnearetto Ashikhminin stochastid¢extures but far betterin the nearregulartextures.lt is
clear also,thatour resultsarebetterthanWei andLevoy in boththe exhaustve searchandthe accelerated
usingTSVQ. For sure,ourtechniquas muchfasterthanW/L, andthatis becaus®f thenumberof histories
to be comparecdeachpixel generationPurtechniquds alsofasterthanAshikhmin's, especiallyin textures
of heighnumberof colors and small featureswherethe resultsare comparable.But, in texturesof big
texels ourtechniquebecomesearerto Ashikhmin,wheretheresultsbecomemuchbetter

Thesizesareastakenfrom thesourcesSomeof theresultsaretakenfrom their paperspthersaretaken
from theirweb-pagesThe rst pictureis the sampletexture.

8 Discussion

The presentedlgorithmis ableto createhigh quality texturesvery fast. The mainreasorfor this speed-up
is thatwe do not performan exhaustie searchfor a bestmatch. If we have N pixelsin the sampletexture
andC differentcolors,thenwe have on averageN/C differentneighborhoodper state. If C is high, then
the averagenumberof neighborhoodss low andthusvery few neighborhoodfiave to be compared As a
result,the bestmatchingneighborhoods foundalmostimmediately Evenif the numberof differentcolors
is low (e.g.100)thenour methodis still 100timesfasterthananexhaustve search.

Our methodalsoproducesigherquality textures. The reasorbehindthis is that our methodforcesat
leastone of the immediateneighboringpixels to matchexactly. By forcing sucha matcha large number
of undesirablenatchegi.e. neighborhoodsvith a low L2-error contritution on distantpixels anda high
L2-errorcontribution on nearbypixels) areremoved from the searchspace.Suchundesirablanatchedead
to cutsanddiscontinuitiesn thesynthesizedexture. UsingadistancewveightedL2-normandanexhaustve
searchwould resultin similar results however it would be muchslower thanour method.

Ourtechniquéhassomdimitationsaswell. Theuserhasto selecianoptimalblock-sizewhichis usually
found by synthesizinghe texture a numberof timeswith differentblock-sizes.Textureswith alarge texel
sizerequirelarger block-sizeswhich causedonger processingimesand greatermemoryusage.Sample
textureswith few colorsalsohave a larger numberof neighborhoodger state,andthus processing-time.
However, theresultsfor botharestill very good.

9 Conclusionand Futur e Work

We have presented novel approactfor texture synthesidbasedon pixel basedconcepts.Our techniques
signi cantly fasterand producesetterresultscomparedo existing methodsfor a wide rangeof textures.
Userinteractionis limited to selectinga block-size.

Futurework will focusonimproving memoryusageandautomatedblock-sizedeterminationWe would
alsolik e to extendour methodto directly synthesizeon a 3D-surface.
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