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Abstract

The goal of the projectwasto implementthe texture syn-
thesisdevelopedalgorithm by Wei and Levoy [1]. The
mainfocusof this projectwasto nd outwhichdif culties
occurduringa practicalimplementatiorof thistechnique,
andhow they canbe solved.

1 Intro duction

The purposeof texture synthesisis to receve a texture
sampleasinputandto createa new largeronewithout us-
ing replication.The generatedextureshave arealisticap-
pearanc@anddo not consistof separateiles. Theconcrete
ideasand conceptf texture synthesiswill be discussed
in chaptertwo.

The algorithm of Wei and Levoy [1], which will be de-
scribedin chapterthree,follows a rathersimpleapproach
to realisetexture synthesis:The new textureis createdn
scanlinedirection. At eachpositionit is decidedwhich
pixel from the input texture is the bestmatchfor its sur
roundingpixels.

In thefollowing chapterghe implementatiorof the algo-
rithm is described,ts advantagesand disadwantagesare
analysecandwe suggespossibilitiesfor furtherwork.

2 Texture Synthesis
2.1

Texture synthesids mainly a helpful tool whentexturing
objects. It oftenis the casethata giventexture sampleis
too small for the surface of an object. Thenthe sample
needgo be extendedn someway - andthatis wheretex-
ture synthesicomesin. Simplereplicationof the sample
would causea tiled appearancequt texture synthesiswill
createa new texturebig enoughthatwill still look likethe
originalone.Figurel illustratestheidea.

Intro duction

More speci ¢, the goal of texture synthesids to createa
new texturethat

looks differentfrom andis larger than the original
sample,

but appearsasif it hasbeencreatedfrom the same
underlyingprocessastheoriginal one,
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Figure 1. Thisis an exampleto show how texture synthesis
works. At the top there is the input texture sample with which
two bigger textureswhele created: Theleft onethroughreplica-
tion andtheright oneusingtexture synthesisThe gureis taken
from[2].

bothmeasuredy thestandardef humanperceptionThis
meanghatthesuccessf themethodcanbedeterminedy
usingour senses.

JeremyS. De Bonet[2] providesanotheigoodexplanation
of texture synthesis”"Mathematically the goal of texture
synthesigs to developa function F, which takesa texture
image,linpu, to a new texture sample lsyn, suchthatthe
differencebetweenijnpy andlsynn is abose somemeasure
of visualdifferencerom theoriginal, yetis texturally sim-
ilar. Formally,

F(linpw) = Isyrth

subjectto the constraintghat
D (linpu;:lsyrth) < Tmax

and

V' (linpu; Isyrth) > Tmin

whereD is a perceptuameasuref the perceveddiffer-
enceof textural characteristicsandV a measureof the
percevedvisual differencebetweertheinput andsynthe-
sizedimages.[...] Thesucces®f asynthesidechniquds
measuredy its ability to minimize Tyax While maximiz-
ing Tmin." [2]



3 The Algorithm by Wei and Le-
voy

Li-Yi Wei and Marc Levoy [1] aimed at implementing
analgorithmthatis easy-to-useef cient, andwhich pro-
duceshigh quality textures. They succeededvith respect
to userfriendlyness becausehe algorithmonly needsa
texture sampleandanimagecontainingwhite noiseasin-
putandall furthercalculationsareexecutedautomatically
However, to ensureef ciency andhigh quality for all pos-
sible textures, someadjustmenton the basic algorithm
have to bemade.

3.1 The Algorithm

The Algorithm consistsof the following procedures:

Initialisation:

A texture sampleand an image containingwhite noise
(which is of the plannedoutputsize)areneededasinput.
White noiseis additive noisewhich is evenly distributed
overthefrequeny domain.

Processing:

The algorithm now generateghe new texture pixel by
pixel basenthewhite noise.lt visits eachpixel position
in scanlinedirectionand decideseachtime, which pixel
from the texture samplewould t best. This decisionis

madeon the basisof the currentpixel's neighbourhood.

Wei and Levoy have basedtheir algorithm on a theory
thatis usedwhencreatingtextureswith Markov Random
Fields, sayingthat eachpixel in a texture can be identi-
ed by its surroundingneighbourpixels. The algorithm
by Wei andLevoy identi es theneighbourhoof thecur-

rentpixel andsearcheor anequialentneighbourhoodh

thetexturesample Whenit hasfoundone,thepixel corre-
spondingto theretrieved neighbourhoods lled in atthe
currentpositionin thenew texture.

3.1.1 The Neighbourhood

First we examinehow two suchneighbourhoodgan be
compared. Wei and Levoy usethe following procedure:
"The similarity of two neighborhood®; andN; is com-
putedaccordingto theL, distancebetweerthemwhichis
a sumover all pixelsin the neighborhoodf squaredif-
ferenceof pixel valuesat a particularposition:*

D(Ni;N2) = & f(Ru(p)  Ro(p)+

pinN

(Gu(p) GaAp)?+ (Bu(p) Ba(p)?y

[3]. N de nesthe numberof neighbourhoodgixel. The
functionsR(p), Gi(p) andB;(p) getthe red, greenand
bluechannebf the pixel numberm belongingto theneigh-
bourhoodi. The smallerthe resultof the functionD, the
moresimilar the neighbourhoodare.

Neighbourhoodsways have the shapeof a squarewith
thecorrespondingixellying in thecentre.Thefull square
of the neighbourhoods usedonly at the beginningwhere
only white noiseis available. As soonasthe rst linesof
the new texture have beengeneratedthe neighbourhood
is reducedto containonly alreadysynthesisegixels - it
changedrom squareto L-shapedto specifythis, see g-
ure?2). Thereasorwhy doingsoist thatthealgorithmdoes
not producetheright resultsif the white noiseis included
in the calculation- this canbeseenin gure 3.
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Figure2: Thenew texture is geneatedpixel by pixelin scanline
order Onead position,thealgorithmidenti es the correspond-
ing L-shapecheighbourhoodndsearchesfor anequivalenone
in thetexture sample Assoonasit nds one thepixelbelonging
to it is copiedto the current position. The gure is taken from

[3].

Figure 3: (a) showsthe texture sampleand (b) and (c) are tex-
tures genelted by Wei and Levoy's algorithm. To get (c) the
white noisewasincludedin the calculation, but not so for (b).
For both(b) and(c) thesameneighbourhoodize(9x9)wasused.
It is clearly recaynizeablethat it is not possibleto geneate the
right resultswith analgorithmthatincludesthewhitenoisein its
calculations.The gureis takenfrom[1].

3.1.2 Edge Handling

Pixelsonthe outeredgeof thetexture needa specialreat-
ment, becauseheir neighbourhoodxceedsthe borders
of theimage. Wei andLevoy suggesto treatthe edges
toroidally sothatthe neighbourhoodseachagaininto the
texture from the oppositeside.



3.2 Results

Despiteits simple structurethe algorithm producesvery
niceresultsthreeof themcanbeviewedin gure 4.

Figure 4: On the left there are the texture samples(128x128
pixels) and on the right side there are the synthesisedextures
(200x200)producedwith the algorithm by Wei and Levoy. The
gureistakenfrom[1].

3.3 Problems and Improvements

Theexamplesdrom gure 4 matchthetypeof texturesthat
arevery well suitedfor the algorithm. However, thereare
mary texturesfor which only defective resultscanbepro-
duced.Themainreasoris thatthe algorithmtendsto blur
edgesand corners. Unfortunatelythe humanvisual sys-
temis very sensitve to thesefeaturesn animage,sothese
resultsdo notlook corvincing (for examplessee gure 5).

Texturesfor which edgesand cornersare importantare
mainly textureswith natural objects(like small o wers,
bladesof grass,bark, ...). Michael Ashikhmin hasmodi-

ed thealgorithmby Wei andLevoy to eliminatethe fact
that naturaltexturescannotbe processed for furtherin-

formationseeg[3].

Anotherimportantpoint whendiscussinghe algorithmis
thein uence of theneighbourhoodits sizein uencesthe
quality of theresults.This correlationis rathersimple:the
largerthe neighbourhoodthebetterthequality of the syn-
thesizedtexture. Actually, goodresultscanonly be pro-
ducedfrom a certainneighbourhoodize upwards,where
the exactsizedepend®n the particulartexture used. Too
smallneighbourhoodwill leadto badsynthesisingesults
- for illustrationsee gure 6. The problemis thata larger

Figure5: On theleft sidethere are the texture samplesand on
theright sidethere are the synthesisedextures. It is easily no-
ticeablehowthealgorithmblurs edgesandcorness, which leads
to bad synthesisingesults. All textureshavenatural motifsbe-
causetheeffectis bestvisiblethen.The gureis takenfrom[1].

neighbourhoodeadsto a longerruntime becausesigni -
cantlymorepixelsneedto beprocessed.

This leadsus to the main disadwantageof the algorithm

Figure6: Thesehreesynthesisetexture showthein uence of
different neighbourhoodsizes. For (a) the neighbourhoodvas
5x5pixels,for (b) 7x7andfor (c) 9x9. It canbenoticedthatonly
from a sizeof 9x9 on the algorithm producesexpedientresults.
The gureis takenfrom[1].

- its long runtime. For eachpixel in the new texture
its neighbourhoodis calculatedand then comparedto
eachneighbourhoodh thetexture samplewhichis rather
costly Onemethodto improvethisis to implementtheal-
gorithmwith Gaussiarpyramids,becausesmallerneigh-
bourhoodscanbe used. For a more speci ¢ description
of this methodseeWei andLevoy's paper[1]. The sec-
ond improvement- which we usedin our experiment- is
describedn the next chapter



33.1 TSVQ

The main- andmostcostly - taskin the algorithmis the
searchfor the right neighbourhoodTo improve this part,
Wei andLevoy suggesto useTSVQ (Tree-structuredec-
tor quantization)which canbe usedasa datastructurefor
ef cient nearest-pointjueries.

"It takesa setof training vectorsasinput andgenerates
binary-tree-structuredodebook.The rst stepis to com-
putethecentroidof thesetof trainingvectorsanduseit as
therootlevel codevord.“[1] The othervectorsaredivided
into two groups(the rst onerepresentshe left children
andtheotherrepresenttheright childrenof therootnode)
andthealgorithmrecurse®n eachsubtree’The treegen-
eratechy TSVQcanbeused...] for ef cient nearest-point
gueries.To nd the nearespoint of a givenqueryvector,
thetreeis traversedfrom theroot[...] by comparingthe
vectorwith the two childrencodevords,andthenfollows
the onethathasa closercodevord.“[1]

When using TSVQ with the texture synthesisalgorithm,
all neighbourhoodfom thetexture samplecanbetreated
asvectors. They arethenusedasthe training datafrom
whichthecorrespondingpinary TSVQ treeis constructed.
Eachneighbourhoodromthenew textureis alsotreatedas
avectorandthe (approximatepestmatchingoneis found
by doingabest- rsttraversalin theTSVQtree. Thetraver-
sal always endsin a leaf, and the neighbourhoodstored
thereis takenasthe bestmatch.

Implementingthe algorithm using TSVQ brings a major
accelerationn speed. For example, the generationof a
particulartexturetook 6 minuteswith the basicalgorithm,
whichwasreducedo 30 secondsisingthis method.How-
ever, adisadantagaisingTSVQis thatnotnecessarilyhe
bestmatchingneighbourhoodvill befound. Unlike when
using full search,not all given vectorsare searchedpe-
causeat eachlevel in the treea setof vectorsis ignored.
So it may be the casethat the bestmatchingneighbour
hoodlies in one of the ignoredparts. Neverthelessthe
returnedvectoris always very similar to the bestmatch-
ing one,sotheresultsproducediy themodi ed algorithm
canbe comparedo thosefrom the basicalgorithm - see
gure 7 for examples. The factthatnot all given vectors
aresearchedanthereforebe acceptedbecausasingfull
searchwill leadto thesameongruntime thatoccurswith
the basicalgorithm.

A big problemusing TSVQ is the increasednemoryre-
quirement. Another disadwantagewhen using TSVQ is
thattheblurring of cornersandedgess evenstrongetthan
whenusingthe basicalgorithm.How strong,this depends
on the structureof the texture. To counteracthe effect,
backtracingcanbeallowedin thetree. Thenthealgorithm
is allowedto visit morethanoneleafto selectthebestone
amongthem.

Figure7: Onthe left sidethere are the texture samplesijn the

middle there are the resultsproducedwith the basic algorithm

and the textures on the right side have beensynthesisedising

the modi ed algorithmwith TSVQ.A little differencein quality

is visiblecompaedto thetexturesin the middle but considering
themajoracceleationin speedhesedeviationscanbeaccepted.
The gureis takenfrom[1].

3.4 Summary

Thealgorithmby Wei andLevoy hasarathersimplestruc-
turebut evensoproducegexturesthatcompareavourably
to resultsfrom othertexture synthesisalgorithms(lik e the
onesby Heeger and Bergen [5], De Bonet[2] or Harri-
son[6]). With somemodi cations the run time can be
adaptedso thatit would only last seconddo geta result
qualitatvely compareabléao resultsfrom the basicalgo-
rithm. The only restrictionthat cannotbe eliminatedvery
easilyis that texture sampleswith naturalobjectsdo not
leadto properresultsbecausef the characteristiof the
algorithmto blur edgesandcorners.

4 Implementation - First Steps

4.1 A Protot ype

To getan overview over the project,a prototypewasim-
plementedn Python2.3. It only containedthe basical-
gorithmwithout any improvementsconcerningspeed.In
thisform theruntimeturnedout to beunacceptableyhich
wasnot only dueto the programminganguageused,but
alsobecausef the structureof the algorithm. Using the
basicalgorithm meansthat for eachpixel from the nen
texture all neighbourhood$rom the texture samplemust
be searchedandthisis arathercostly procedure.

4.2 Implementation in Objective-C

The rst stepto improve the prototypewasto useanother
programminglanguage. It hadto be fastand allow the
handlingof images. Both requirementscombinedwere
foundin the renderingpackageART (Advarved Render
ing Toolkit, [4]) by the Institut of ComputerGraphicson
the TechnicalUniversity of Vienna. ART is implemented
in Objective-C and providesmodulesfor 2D imagehan-
dling.



5 Usage

The executableis calledImagequilterandis usedasfol-
lows:

imagequilter SAMPLEx X -y Y -n N

SAMPLIESt the texture samplewhich shouldbe a -tiff

le (thisis becauseave are usingART [4]). XandY de-
ne thesizeof theoutputtexture,bothvaluesareindepen-
dentfrom eachotherandindependentrom thesizeof the
texture sample.Nis the size of the neighbourhoodvhich
should always be an odd number That is becausehe
neighbourhoodnustalways be a squarewhich canhave
thecorrespondingixel in the centre.A greatewvalueof N
leadsto alongercomputatiortime. Usinganinputsample
with wrongparametersvill leadto anerrormessage.

Thealgorithmthencreateshe new textureandstorest as
a.quilt.tiff le atthe sameplaceasthetexture sam-
ple.

6 The Algorithm

In this chaptertheimplementatiorof themain partsof the
algorithmis described The goalwasto implementthe al-
gorithmby Wei andLevoy [1] usingTSVQto improvethe
runtime while evensogettingresultsof goodquality.

At rst properdatastructuresfor storingthe neighbour
hood vectorsandthe TSVQ tree hadto be found which
is describedn chapter6.1and6.2. In 6.2we discussthe
constructiorof the TSVQtree.

In chapter6.3 the searchfunction wherethe right pixels
are found for the currentpositionsin the new texture is
explained.

6.1

The rst stepafter loadingthe texture sampleis that all
neighbourhoodsvithin the imageneedto be determined.
They arestoredn anarray becausén thiswaythey canbe
treatedasvectorslateron. An arrayelementrepresents
neighbourhoodndcontainsall belongingneighbourhood
pixels. Wheninitialising the arrayit is necessaryo know
how mary pixelstherewill be. Thiscannotbedonecalcu-
lating neighbourhoodsize 2, becauseot all neighbour
hood pixels are used. Neighbourhoodsare L-shaped,so
allocatingmemaoryfor thewholesquarevould beawaste.
It wasnhecessaryo determineaformulathatwill calculate
thesizefor the L-shape:

Initialisation

(N+1) (N 1

> 3

Thefractionrepresentshe numberof neighbourhoogbix-
elsandit is multiplied by 3 becausehe RGB channelof
eachpixel are storedseparately See gure 8 for further

information.

Now that it hasbeendeterminedhow mary pixels each
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Figure 8: On the left sideit is shownhow a neighbourhood
of 7x7 pixelslookslike - a squae with the correspondingpixel
in the cente. Only the pixelsthat are marked greenare used
for calculationsbecausdaheseonly containalreadysynthesised
values.Thegraphicontheright sideis to showthe evidencethat
theformulamentionedn chapter6.1calculategheright number
of neighbourhoodixels.

neighbourhoodvill have, it is necessaryo nd out how
mary neighbourhood&rrayelementsjherewill be.Each
pixel in the samplehasa neighbourhoodbut not all of
themwill be usedfor texture synthesis.Neighbourhoods
that exceedthe bordersof the image should not be in-
cludedin the calculation. This implies that the number
cannotbe determinedy X*Y, but by:

v Bh o)

In x-directionthe neighbourhoodsxceedthe bordersof
the imageon both sides,so the completeneighbourhood
size must be subtractedrom X. In y-direction only the
neighbourhoodatthetop of theimageexceedtheborders
becauseof L-shape. So only half of the neighbourhood
sizeis subtractedrom Y.

Now the arrayis readyto be lled with neighbourhoods
from thetexture sample.Thisis donethefollowing way (i
is the numberof the currentneighbourhood)in [i][0] the
red channel,in [i][1] the greenchannelandin [i][2] the
blue channelof the rst neighbourhoodixelsis stored.
[iI[3] containstheredchannelof the secondpixel, andso
on. In thelastarrayentrythe currentindex of theloop is
storedto retrieve the pixel that correspondso the neigh-
bourhood. Thereis a secondarray wherethe x- andy-
coordinate®f this pixel arestoredat the sameindex.

Thelastthing to do duringinitialisationis to createa fu-
tureoutputimageandto Il it with white noise.

6.2 Creation of the TSVQ Tree

A datastructurewasconstructedo representhenodesin
thetree. It consistof thefollowing components:



apointerto theleft anda pointerto theright child
apointerto the parentreeNodeconstruct

avector(array)data wherethe neighbourhoodrec-
tor belongingto the nodeis stored

anarrayvectors , wherethe neighbourhoodrectors
arestored,that shouldbe devided amongthe nodes
children

a variable count where the numberof neighbour
hoodsin vectorsis stored

avariabledim wherethedimensiorof theneighbour
hoodvectorsis stored

avariabledepth which stateshow deepthenodelies
in thetree(root node:depth=0)

a variabledesigned which is 1 whenthe nodehas
beeninitialised (is only neededvhenthetreeis cre-
ated)

First of all theroot nodeis initialised. In its arraydata a
zerovectorandin its arrayvectors all available neigh-
bourhoodvectorsarestored.In themethodmakeNodéhe
left andthe right child of the root nodeare createdand
the neighbourhoodiectorsaredivided amongthem. This
happensasfollows:

1. Fromall neighbourhoodectorstwo arechosen:The
one which is nearestand the one which is farthest
from theroot's data vector(bothmeasuredvith the
Lo-distance). The rst vectoris storedin the left
child's,thesecondn theright child's data vector

2. Now the remainingneighbourhoodrectorsare dev-
ided amongthe children. For eachonewe calculate,
whetherits Lo-distanceo theleft child or to theright
child is smaller As the casemay be, the neighbour
hoodvectoris storedin thearrayvectors of theleft
or theright child.

After this methodcall the root nodehastwo childrenand
the neighbourhoodectorsaredevided amongthem. The
procedurds iteratedfor all otherchildrenuntil thewhole
treehasbeencreated.

6.3 Seach for suitable Neighbourhoods

Now the actualtexture synthesiscanstart. On eachposi-
tion of the new textureit is decidedwhich pixel from the
texture sampleshouldbe copiedthere.

To starttheprocesghe neighbourhooaf the currentpixel
is storedin anarray Now all pixels of the new texture
have to be processedso there are also neighbourhoods
which exceedthe imageborders. This problemis solved
by treatingtheimagetoroidally sothattheneighbourhoods
canreachagaininto thetexturefrom the oppositeside.

Thesearchs doneasfollows:

At eachnode the L,-distanceof the vector to the
left and the right child's datavector is calculated.
Whichever Lo-distanceis smaller the searchis con-
tinuedto theleft or theright side.

The traversalwill endwhena leaf is reached. The
datavectorstoredthereis returnedasthe searchre-
sult.

If the Lo-distanceis 0 at somenodein the tree, the
searchwill be abortedand the currentnodes data
vectorwill be returnedas searchresult, becausan

this casethe vectorsareequal.

Whenthe searchhas nished, notthe whole resultvector,
but only its last digit is returned. As we explainedin
chapter6.1 this is enoughto nd out the coordinatesof
thecorrespondingpixel.

7 Results

Theresultsection gures in this paperall shav examples
from texturesthat have beencreatedby our implementa-
tion of thealgorithm.

Figure16 and 17 areusefulsamplego shav how the al-
gorithmtendsto blur smallartefactsin theimages.In ad-
dition, this disadwantagegetseven worsewhen TSVQ is
used.

Thelastimageis aphotoof naturalobjects andit is clearly
visible that the algorithm has some problemsto handle
themproperly

8 Summary

The goal of the projectwasto implementthe algorithm
of Wei andLevoy andto nd outwhich dif culties occur
whendoingso.

The rst problem occuredwhen only using the basic
algorithm. Thenthe resultshad the bestquality, but the
executiontimeswereunacceptableThekey problemwas
the structureof the mainalgorithm.

During initialisation someconsiderationfiadto be made
that were not mentionedin the paperby Wei and Levoy.
A proper data structure for the neighbourhoodswas
needed,and formulasfor calculatingthe right numbers
of neighbourhoodsnd neighbourhoodixels had to be
derived. It was also necessaryo nd a properway of
visiting all neighbourhoogixelsusingtwo loops,because
not all pixels of the squarewere valid (neighbourhoods
areL-shaped).

The essentiaboal wasto make the algorithmfaster and



this succeededising TSVQ. It was not really dif cult
to createdatastructuresfor the nodesandto createthe
tree,but the main problemwith TSVQ wasthe increased
memoryrequiremen{seealsonext chapter).

An effect that occured becauseof using TSVQ was
increasednoise appearingin result textures, especially
when using natural textures. To soften this effect the
algorithmwasallowedto searchfor two moreresultsand
to choosefrom thesethree. The differenceto the rst
resultis thatthe new searchprocessebave somerandom
stepsatthe beginning. They alsodo not startfrom theroot
nodebut from its children - one from the left, the other
from the right one. From the threeresultsthe bestone
is chosen. The additionalexpensesare barely noticeable
becausethe searchin the binary tree is quick enough.
The selectionof the bestresultsdoesnot slowv down the
algorithm noticeablyas well, so there was no needfor
furtheroptimizationin this area.

9 Future Work

The runtime and the results for mary types of input
imagesarealreadyvery good.However, thealgorithmhas
somepointsthatneedimprovement.

One of them is the memoryrequirement. The creation
of the TSVQ tree needssucha large amountof memory
that it can even lead to the processbeingkilled by the
system. It dependsn the size of the texture sampleand
the size of the neighbourhood a sampleof 200x300
pixelstogethemwith a neighbourhoof 25x25pixelswill
leadto problems. Two experimentswere beenattempted
to solve the problem: To eliminate all duplicatesfrom
the array of neighbourhoodsor eitherto build only half
of the TSVQ tree- but both did not work. The rst took
too long, and the secondproducedinferior results. The
memory requirementfor large texure samplesis still a
problemwhich shouldbea subjectto furtherwork.

Anotherproblemis the noisewhich s visible to a greater
or lesserextenddependingon the texture. We have tried
to eliminate it by allowing the algorithm to nd two
additionalresults,but it only hasdecreased, but did not
completelyremoveit. Thisis anothempointthatshouldbe
improved.

Thelast point is that the algorithm can be extendedwith
the method by Michael Ashikhmin [3] so that it can
handlenaturaltextureswithout blurring the edges.
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Figure9: Thetexture sampleon theleft is 88x88pixelsandthe
new texture is 400x400pixels. Thesamplehasa structue which
suitsthealgorithmverywell.



Figure10: Thetexture sampleontheleftis 177x177pixelsand
theresultis 400x40Qixels. Theartefactsin thenew texture arise
fromthewhiteline in the sample

Figure11: Thetexture sampleontheleft is 264x264pixelsand
the new texture is 400x400xpixels. Thetexture hasa structue
which thealgorithm canhandleverywell.

Figure12: Thetexture sampleontheleftis 177x177pixelsand
the new texture is 400x400pixels. The samplehasa structue
which suitsthe algorithm,althougha little noiseis visible

Figure 13: Thetexture sampleon the left is 88x88pixelsand
the new texture is 400x400pixels. Theresultsis rather good,
althoughlittle noiseis visible

Figure14: Thetexture sampleontheleft is 264x264pixelsand
the new texture is 400x400pixels. Thisis an examplefor a natu-
ral texture, whee thealgorithmstendsto blur edgesandcorners.

Figure15: Thetexture sampleontheleft is 277x190pixelsand
the new texture is 400x400pixels. This sampleis taken from
a photayraph, but althoughthe algorithm showspromise some
noiseandblurring is visible



