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I . INTRODUCTION

A lot of transformations,whenappliedto images,leadto thedevelopmentof variousartifactsin them. In

particular, we will beaddressingartifactscausedby compressionalgorithms.Few of theartifacts[1] caused

by popularcompressionalgorithmsare:

� Blocking artifacts: Somecompressionalgorithmsdivide an imageinto blocksof a de�nite size. E.g.

JPEGworkson8x8blocksatatime. Thisleadsto theresultingcompressedimagehaving avery“blocky”

appearance.

� Color Distortion: Humaneyesarenot assensitive to color as to brightness.As a result,muchof the

detailedcolor (chrominance)information is disposed,while luminanceinformation is retained. This

processis called”chromasubsampling”.Theresultof this is thatcompressedpictureshave a “washed

out” appearance,in which thecolorsdonot look asbrightasin theoriginal image.

� Ringing Artif acts: Quite a few times, compressionalgorithmsthat work in the spectraldomaintake

advantageof thefact that low frequency informationis visually moreimportantthanthehigh frequency

information. Someof themtry to exploit this factanddo not retainall thehigh frequency information.

This leadsto distortionsin edgesandotherboundaries.

� Blurring Artif acts:With thepresenceof theseartifacts,theimagelookssmootherthantheoriginalcoun-

terpart. The generalshapeof objectsis correctly retained,but the texture information is lost in some

areas.

A lot of work hasbeenpreviously doneto tackle blocking artifacts,color distortionand ringing artifacts.

To repairthe effectsof Blurring artifacts,thereareexisting methodsfor texture synthesis,or replicationof

texture in an areabasedon information from adjacentregions. However, most of the existing algorithms

requirethe sourceanddestinationareasfor texture synthesisto be marked out manually. The aim of this

projectis to identify regionsneartexturedareasasthesehave a higherprobabilityof beingsubjectto texture

loss.A completelyautomateddetectionsystemis veryharddueto thehighlysubjectivenatureof thisproblem.
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I I . HIGH FREQUENCY ANALYSIS

Texturedareasgenerallyhave a lot morehigh frequenciesascomparedto smoothareas.Hence,oneof the

approachesadoptedwasto analyzethehigh frequency componentof theimage.

A standardwaveletdecompositionwasusedandthesumof thesquaresof thehigh frequency coef�cients

wasfound.Thisgaveanindicationasto theamountof energy thatwasbeingcontributedby thehighfrequency

components.It wasconjecturedthata texturedregion would have a largeamountof energy contributeddue

to thesehigh frequencies.This analysiswasdoneon an8x8 block basisasthis easedcomputationandalso

kepta directlink betweenthespectralandthespatialdomains.

To seethepotentialof thismethod,theimagewasthresholdedto show thebestresults.

The resultsseenusingthis methodseemedencouraging.However, oneof the primary drawbacksof this

methodwaslow resolution.Each8x8 block wasclassi�edasrich in high frequenciesor not. Goingto lower

block sizes(i.e. 4x4 and2x2) leavesvery few high frequency coef�cients to get reliableresults.Also, this

techniquein itself did not give goodedgedetection,which alsoforms an essentialpart in obtainingnearby

regions.

Anotherproblemwasthat somesmall areasweremissedasbeingdetectedastexturedor not. The most

likely reasonfor thismaybetheminimumresolutionbeing8x8dueto thechoiceof blocksize.

I I I . GABOR WAVELET ANALYSIS

Anotherapproachfor texture detectionwasto �nd the Gaborwavelet decompositionof the image. The

Gaborelementaryfunctionsare able to closely model the anisotropictwo dimensionalreceptive �elds of

neuronsin themammalianvisualcortex. (The�rst experimenttowardsthis wassuccessfullyconductedby J.

P. JonesandL. A. Palmer, on thevisualcortex of a cat[2]. Laterexperimentshave beenperformedon other

mammalsincludingmonkeysandreinforcetheseresults.)

In the1-D case,Gaborwaveletsaregivenby [3] and[4]
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An explanationof thetermsis asfollows:

� ~kj : wavevector

� kj givesthecentrefrequency of thefunction

�
k2

j

� 2 : scalingfactor - compensatesfor the frequency dependentdecreaseof the power spectrumusually

foundin naturalimages
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(a) Image:Barbara (b) Image(a) compressedat 1:94. Observe the lossin

texturein thelady's clothingandthetablecloth.

(c) Solid blackareasgive edgesandregionsof high tex-

ture

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

pressedimage

Fig. 1. TheimageBarbarasubjectedto high frequency analysis
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(a) Realcomponentof theGabor�lter
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(b) Imaginarycomponentof theGabor�lter

Fig. 2. Gabor�lters (Theseweregeneratedusinga �lter width of 41andvariances10 in thex andy directions)

Fig. 3. The variousorientationsof the Real (left) andImaginary(right) componentsof the Gabor�lters. Theseareobtainedby rotatingthe

imagesshown in Fig. (2) andhave beendepictedasanimage

� exp(�
k2

j x2

2 � 2 ): gaussianenvelopefunction

� exp(i ~kj ~x) = cos(~kj ~x) + i cos(~kj ~x): complex-valuedplanewave

� exp(� � 2

2 ) makesthefunctionDC-free

Thetwo dimensionalGabor�lters areasshown in Fig. (2).

TheGaborwaveletexpansionfunctionsform a completeset. Hence,anexact representationof thesignal

in termsof theexpansionfunctionsis possible.However, they alsoform a non-orthogonalset.To obtainthe

Gabordecomposition,Gabor�lters, shown in Fig. (3), wereformedandconvolvedwith theimage.

Theeffect of convolving theGabor�lters with theimageBarbarais shown in Fig. (4) and(5).

Thesix imageson eachrow give theeffect of convolving theGabor�lters with the imageat six different



5

Fig. 4. Themagnitudeof theresultof convolving theimagewith theGabor�lters atsix differentorientationsandfour differentscales

orientations.This is donefor four differentscalesandshown here.It is seenin Fig. (4) thatthelady'sclothing

is capturedvery well on the �rst two scales,but thetableclothbarelyshows up on them. On scalethreeand

four, the tableclothis detectedwell, but theclothing is barelydetected.Hence,it is necessaryto implement

theGabor�lters at morethanonescale,andconvolve themwith the image. The frequency of thecomplex

sinusoid,andhencethenumberof scalesusedimposesa limit on thetypeof texturethatcanbedetectedby

these�lters. This is seenwhensomeof thetexturesaredetectedon onescale,but not theother.

Dif ferentpartsof the texture show up on differentorientations. To detectall the textured regions, it is

necessaryto combineall of them.To do this, for eachscale,we took themaximumof thevaluesobtainedin

eachorientation,andrescaledtheresult.

Anotherthing thatwasfoundto beusefulwasthephaseinformationgeneratedusingtheGabor�lters. The

phaseinformationis combinedin asimilarmannerasthemagnitudeinformationwas.At thelowertwo scales,

it wasfoundthatthephaseinformationcanbeusedto detectsomeedgesandtexturedregionstoo.

In our implementation,themagnitudeinformationfrom variousscaleswascombinedby takingthemaxi-

mumacrossthevariousscales.Thephaseinformationfrom the�rst scalewastheonly oneused.Thesewere
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Fig. 5. Thephaseof theresultof convolving theimagewith theGabor�lters at six differentorientationsandfour differentscales

bothrescaled.

Thevaluesthatwereobtainedin bothcasesvarybetween0 and1,anddonotbelongto two de�nite regions.

Sincewe arejust looking to classifyareasastexturedandnon-textured,we would like to classifythevarious

pixels into just two groups. To do this, we hadto comeup with somecriterion, on the basisof which this

couldbedonein anautomatedfashionandnot involvehumaninput. Sincetheamountof texturein different

imagesmaybedifferent,a de�nite valuefor thresholdingvariousimagesis not a very attractive idea.Hence

to adaptively thresholdtheseimagesinto two classes,we choseto minimizetheintra-classvariance,whereas

maximizingtheinter-classvariance.A suitablealgorithmwasfoundin apaperby N. Otsu,publishedin 1979.

[5].

The resultsobtainedat this stagewerefound to be fairly good. However, therewerestill spuriouspixels

in the middle of the texturedandnon-texturedregions. To solve this problemwe employed morphological

operations.Theoperationsof interestare

� Clean- removesany 1'ssurroundedby all zeros

� Fill - setsto 1 any 0 surroundedby all 1's

� Majority - setsto 1 any pixel which has5 out of 8 neighborsas1
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� Close- performsthemorphologicaloperationsof dilation andthenerosionin thatorder

As seenin Fig. (6), thesystemdoesa fairly goodjob of detectingtexturedregionsasagainstsmoothregions.

It also picks up quite a few of the edges. However somepartsof the edgespicked up are lost due to

morphologicaloperations.During compression,someedgesareblurredto sucha degreethat it is dif�cult to

makeoutwhereoneregionendsandanotherbegins,if lookedat locally. However, with mostnaturalpictures,

humanshave theadvantageof prior knowledgethatenablesthemto tell themwhereto expecttheedges,e.g.

betweena person's handandthebackground.Thesystemlacksany suchhigh level knowledge.A possible

solutionto thismaybetheincorporationof this systeminto a neuralnetor dynamiclink basedclassi�er.

As seenin Fig. (7), thesystemdoesarelatively goodjob of detectingthetexturedandnon-texturedregions.

Someof thesmallernon-texturedregionshadbeenoverlookedby thehumaneye,until broughtout by theal-

gorithm.Oncloserobservation,it wasveri�ed thatthesesmallerregionsarein factareaswhichhavesuffered

a lossin texture.

IV. CONCLUSION

The systemperformswell in detectingtexturedregionsascomparedto smoothregions. It alsomanages

to detectrelevant edgesreasonably. However, it missessomeedgeswhich are too badly damageddue to

compression.A possiblesolutionto this, asmentionedearlier, is to combinethesystemwith a neuralnetor

dynamiclink basedclassi�er.

Anotherway to detectsomeof themissededgesor repairsomeof thebrokenedgesin this detectionis to

useasystemthatdetectsimplied edges.

Thesystemcanalsobeusedfor textureclassi�cationandidenti�cation. This would involveanalyzingthe

magnituderesponseof theimageconvolvedwith theGabor�lters atthevariousorientations.This information

hasalreadybeencalculatedin theproject.Thesameinformationmayalsobeusefulin texturesynthesis.
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(a) Image:Barbara (b) Image(a)compressed(1:94)

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

pressedimage

Fig. 6. GaborWaveletanalysison thecompressedimageBarbara
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(a) Image:Baboon (b) Image(a) compressedat 1:90

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

pressedimage

Fig. 7. Gaborwaveletanalysison theimageBaboon


