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|. INTRODUCTION

A lot of transformationswhenappliedto imagesjeadto the developmentof variousartifactsin them. In
particular we will be addressin@rtifactscausedy compressioralgorithms.Few of the artifacts[1] caused
by popularcompressiomlgorithmsare:

Blocking artifacts: Somecompressioralgorithmsdivide an imageinto blocks of a de nite size. E.g.
JPEGworkson8x8blocksatatime. Thisleadsto theresultingcompresseanagehaving avery“blocky”
appearance.
Color Distortion: Humaneyesare not as sensitve to color asto brightness.As a result, muchof the
detailedcolor (chrominance)nformationis disposedwhile luminanceinformationis retained. This
processs called”chromasubsampling”. The resultof this is that compressegictureshave a “washed
out” appearancen whichthe colorsdo notlook asbrightasin the originalimage.
Ringing Artif acts: Quite a few times, compressioralgorithmsthat work in the spectraldomaintake
advantageof thefactthatlow frequeng informationis visually moreimportantthanthe high frequeng
information. Someof themtry to exploit this factanddo not retainall the high frequeng information.
This leadsto distortionsin edgesandotherboundaries.
Blurring Artif acts:With the presencef theseartifacts theimagelooks smoothethanthe original coun-
terpart. The generalshapeof objectsis correctly retained,but the texture informationis lost in some
areas.
A lot of work hasbeenpreviously doneto tackle blocking artifacts, color distortion and ringing artifacts.
To repairthe effects of Blurring artifacts,thereare existing methodsfor texture synthesispor replicationof
texture in an areabasedon information from adjacentregions. However, most of the existing algorithms
requirethe sourceand destinationareasfor texture synthesiso be marked out manually The aim of this
projectis to identify regionsneartexturedareasasthesehave a higherprobability of beingsubjectto texture

loss.A completelyautomatedietectiorsystenis very harddueto thehighly subjectve natureof this problem.



1. HIGH FREQUENCY ANALYSIS

Texturedareagyenerallyhave alot morehigh frequenciesascomparedo smoothareasHence,oneof the
approacheadoptedvasto analyzethe high frequengy componenbf theimage.

A standardvaveletdecompositiorwasusedandthe sumof the squareof the high frequeng coefcients
wasfound. Thisgave anindicationasto theamountof enegy thatwasbeingcontributedby thehighfrequeny
componentsit wasconjecturedhata texturedregion would have a large amountof enegy contrituteddue
to thesehigh frequencies.This analysiswasdoneon an 8x8 block basisasthis easeccomputatiorandalso
keptadirectlink betweernthe spectralandthe spatialdomains.

To seethe potentialof this method theimagewasthresholdedo show the bestresults.

The resultsseenusingthis methodseemedencouraging.However, one of the primary dravbacksof this
methodwaslow resolution.Each8x8 block wasclassi ed asrich in high frequencie®r not. Goingto lower
block sizes(i.e. 4x4 and2x2) leavesvery few high frequeng coefcients to getreliableresults. Also, this
techniquein itself did not give goodedgedetection,which alsoforms an essentiapartin obtainingnearby
regions.

Anotherproblemwasthat somesmall areaswere missedas beingdetectedastexturedor not. The most

likely reasorfor this maybethe minimumresolutionbeing8x8 dueto the choiceof block size.

I1l. GABOR WAVELET ANALYSIS

Anotherapproachfor texture detectionwasto nd the Gaborwavelet decompositiorof the image. The
Gaborelementaryfunctionsare able to closely modelthe anisotropictwo dimensionalreceptve elds of
neurondgn themammaliarvisualcortex. (The rst experimenttowardsthis wassuccessfullyconductedy J.
P. JonesandL. A. Palmer onthevisualcortex of acat[2]. Laterexperimentshave beenperformedon other
mammalsncludingmonkeys andreinforcetheseresults.)

In the 1-D case Gaborwaveletsaregivenby [3] and[4]
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An explanationof thetermsis asfollows:
K; : wave vector
ki givesthecentrefrequeny of thefunction
2

k—jz: scalingfactor- compensatefor the frequeny dependentlecreasef the power spectrumusually

foundin naturalimages



(a) Image:Barbara (b) Image(a) compressedt 1:94. Obsene the lossin
texturein thelady's clothingandthetablecloth.

(c) Solid black areagyive edgesandregionsof high tex- (d) An edgemap of image (c) overlaid on the com-
ture pressedmage

Fig. 1. TheimageBarbarasubjectedo highfrequeng analysis



1.015

)_015;:3, ..... T :
0.01"
0051
0

.005 '

_____________________ ... [ 20
0.01 + : : —F 2

-20 -10 0 10 20
(a) Realcomponenbf the Gabor Iter (b) Imaginarycomponenbf the Gabor Iter

Fig.2. Gabor lters (Theseweregeneratedisinga Iter width of 41 andvarianceslOin thex andy directions)

Fig. 3. Thevariousorientationsof the Real(left) and Imaginary(right) component®of the Gabor lters. Theseare obtainedby rotatingthe
imagesshaovn in Fig. (2) andhave beendepictedasanimage

exp( l;J'Z—Xzz): gaussiarervelopefunction
exp(i Kjx) = cos(K;x) + i cos(K; x): comple-valuedplanewave
exp( 72) makesthefunctionDC-free

Thetwo dimensionalGabor Iters areasshownin Fig. (2).

The Gaborwaveletexpansionfunctionsform a completeset. Hence,an exactrepresentatioof the signal
in termsof the expansionfunctionsis possible.However, they alsoform a non-orthogonaset. To obtainthe
GabordecompositionGabor lters, shavnin Fig. (3), wereformedandconvolvedwith theimage.

Theeffectof corvolving the Gabor Iters with theimageBarbaras shovn in Fig. (4) and(5).

The six imageson eachrow give the effect of convolving the Gabor Iters with theimageat six different



Fig.4. Themagnitudeof theresultof convolving theimagewith the Gabor lters atsix differentorientationsandfour differentscales

orientations.Thisis donefor four differentscalesandshavn here.lIt is seenn Fig. (4) thatthelady's clothing
is capturedvery well onthe rst two scalesput the tableclothbarelyshovs up on them. On scalethreeand
four, the tableclothis detectedwell, but the clothingis barelydetected.Hence,it is necessaryo implement
the Gabor Iters at morethanonescale,andcornvolve themwith theimage. The frequeng of the comple
sinusoid,andhencethe numberof scalesusedimposesa limit on thetype of texture thatcanbe detectedy
theselters. Thisis seerwhensomeof thetexturesaredetectedn onescale but notthe other

Differentpartsof the texture shov up on differentorientations. To detectall the texturedregions, it is
necessaryo combineall of them. To do this, for eachscale,we took the maximumof the valuesobtainedn
eachorientation,andrescaledheresult.

Anotherthing thatwasfoundto be usefulwasthe phasanformationgeneratedisingthe Gabor lters. The
phasenformationis combinedn asimilar mannemsthemagnitudenformationwas. At thelowertwo scales,

it wasfoundthatthe phasanformationcanbe usedto detectsomeedgesandtexturedregionstoo.

In our implementationthe magnitudenformationfrom variousscalesvascombinedby taking the maxi-

mumacrosghevariousscales.The phasanformationfrom the rst scalewastheonly oneused.Thesewere



Fig.5. Thephaseof theresultof corvolving theimagewith the Gabor Iters at six differentorientationsandfour differentscales

bothrescaled.

Thevaluesthatwereobtainedn bothcasewary betweerD andl, anddonotbelongto two de nite regions.
Sincewe arejustlooking to classifyareasastexturedandnon-textured,we would lik e to classifythevarious
pixelsinto just two groups. To do this, we hadto comeup with somecriterion, on the basisof which this
couldbedonein anautomatedashionandnotinvolve humaninput. Sincethe amountof texturein different
imagesmay bedifferent,a de nite valuefor thresholdingvariousimagess not a very attractve idea. Hence
to adaptvely thresholdtheseimagesinto two classeswe choseto minimizetheintra-classvariance whereas
maximizingtheinter-classvariance A suitablealgorithmwasfoundin apaperby N. Otsu,publishedn 1979.
[5].

Theresultsobtainedat this stagewerefoundto be fairly good. However, therewerestill spuriouspixels
in the middle of the texturedand non-tecturedregions. To solve this problemwe employed morphological
operationsTheoperationf interestare

Clean- removesary 1's surroundedy all zeros
Fill - setsto 1 any O surroundedy all 1's
Majority - setsto 1 ary pixel which has5 out of 8 neighborsas1



Close- performsthe morphologicabperation®f dilation andthenerosionin thatorder

As seenn Fig. (6), thesystemdoesa fairly goodjob of detectingiexturedregionsasagainstsmoothregions.

It also picks up quite a few of the edges. However somepartsof the edgespicked up are lost due to
morphologicaloperations During compressionsomeedgesareblurredto sucha degreethatit is dif cult to
make outwhereoneregion endsandanothembegins,if lookedatlocally. However, with mostnaturalpictures,
humanshave the advantageof prior knowledgethatenableghemto tell themwhereto expectthe edgese.g.
betweena persons handandthe background.The systemlacksary suchhigh level knowledge. A possible
solutionto this maybetheincorporationof this systeminto a neuralnetor dynamiclink basecclassi er.

Asseenn Fig. (7), thesystendoesarelatively goodjob of detectinghetexturedandnon-texturedregions.
Someof thesmallernon-texturedregionshadbeenoverlookedby the humaneye, until broughtout by theal-
gorithm. On closerobsenation,it wasveri ed thatthesesmallerregionsarein factareasvhich have suffered

alossin texture.

V. CONCLUSION

The systemperformswell in detectingtexturedregionsascomparedo smoothregions. It alsomanages
to detectrelevant edgesreasonably However, it missessomeedgeswhich aretoo badly damageddue to
compressionA possiblesolutionto this, asmentionedearlier is to combinethe systemwith a neuralnetor
dynamiclink basedclassi er.

Anotherway to detectsomeof the missededgesor repairsomeof the broken edgesn this detectionis to
useasystemthatdetectamplied edges.

The systemcanalsobe usedfor texture classi cationandidenti cation. This would involve analyzingthe
magnitudaesponsef theimageconvolvedwith theGabor Iters atthevariousorientationsThisinformation

hasalreadybeencalculatedn the project. The sameinformationmayalsobe usefulin texture synthesis.
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(a) Image:Barbara (b) Image(a) compressel:94)

(c) Thewhite regionsgive edgesandtexturedareas (d) An edgemap of image(c) overlaid on the com-
pressedmage

Fig.6. GaborWaveletanalysisonthe compresseimageBarbara



(a) Image:Baboon (b) Image(a) compressedt 1:90

(c) White regionsindicatetexturedregions (d) An edgemap of image(c) overlaid on the com-
pressedmage

Fig. 7. GaborwaveletanalysisontheimageBaboon



