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Chapter 1

Intr oduction and Scopeof the Thesis

Accessingof contentsfrom digital librariesis becomingverypopularin differentapplica-

tion domainswith theadventof theWorld-WideWeb. Thisnecessitatesthedevelopment

of costeffective techniquesthatsupporteffectivesearchthroughthecontentof largedig-

ital archives. Imagesareoneof themostimportantcomponentsof the widely accessed

multimediadata.Imagesarewidely usedin everysphereof life, suchasitemcatalogs,ed-

ucation,biomedicine,commerce,crimeprevention,etc. It is oftenrequiredto find desired

imagesfrom avery largerepositoryor to measureclosenessbetweenimagesavailablein

somecollections. As a result, developmentof suitableimageretrieval techniqueshas

emergedasagrowing field of researchin recentyears[187], [119].

In therecentpast,Content-BasedImageRetrieval (CBIR) techniqueshavebecomepopu-

lar [189], [43], [127], [108], [70], [91], [103], [36] for retrieving relevantimagesfrom an

imagedatabasebymeasuringsimilarity betweentheautomaticallyderivedfeatures(color,

texture,shape,etc.)of thequeryimageandthatof theimagesstoredin thedatabase[187].

Imageretrieval systemis broadlydividedinto two maintypesnamely, annotationor text-

basedimageretrieval andContent-BasedImageRetrieval(CBIR) [192]. Traditionalim-

ageretrieval systemsusedkeywordsaslabelsto characterizeimages.However charac-

terizationof imageswith text labels is difficult in the caseof large databasesand for

complex images.The sameimagemay be perceived differently by differentpersonsat
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differenttimes.Imagedatais verysubjective in natureandthereis no agreedvocabulary

for manualannotationof thesedata.As aresult,thetraditionaltext-basedimageretrieval

systemssuffer from the following drawbacks: (a) Enormousman-hourrequirement(b)

errorarisingdueto variability of individual perception.Thesedifficultiescall for a new

andalternativeapproachknown asContent-BasedImageRetrieval.

CBIR is aimedat efficient retrieval of relevantimagesfrom largeimagedatabases,based

on automaticallyderivedimagefeatures.Featureslike color, texture,shape,sketch,spa-

tial relationshipbetweenfeatures,etc.aretakenasqueriesfor measuringvisualsimilari-

tiesbetweenthequeryimageandthosestoredin thedatabase.

Although,a fully automaticCBIR systemis desirablebut developmentof sucha system

is a very difficult task. Humanbeingscaptureperceptualandsemanticmeaningsfrom

animageeasilybut it is difficult to achieveautomatedinterpretationcloseto humanlevel

understanding.Imageswith highfeaturelevel similarities(i.e.,similaritiesbetweencolor,

texture,shape,etc. ) maybedifferentfrom thequeryin termsof semantics.Thediscrep-

ancy betweenlow level visual contentslike (color, texture,shape,etc. ) andhigh level

semanticconceptslike ( sunrise,picturizationof somespecialevents,etc. ) is called

semanticgap.Minimizationof semanticgapis anopenchallengingproblemin CBIR. To

bridgethis gap,userfeedbacksmaybeusedin aninteractive mannerwhich is popularly

known as”relevancefeedback”mechanism.

Usingafully automaticCBIR systemonecannotachievesatisfactoryresults.Thereforeit

cannotreplacewholly thetraditionaltext basedretrieval systemin thenearfuture. How-

ever, it is possiblethat a text basedretrieval systemcanbe usedin combinationwith a

CBIR system,to enhancetheretrieval accuracy without totally dependingon humanan-

notation.At thesametime it takescareto minimizetheburdenona user.

Thepresentthesisdealswith thedevelopmentof severalalgorithmsfor featureextraction

of digital imagesandits applicationto performCBIR. Useof Fuzzylogic, Waveletand

SupportVector Machineshave beendemonstratedfrom featureextraction perspective.

An imageis characterizedin termsof theextractedfeatures.A fuzzy relevancefeedback
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framework hasbeenproposedto evaluatetheextractedfeaturesfrom user’srelevancerat-

ing in orderto improvetheresults.

Finally, the developedalgorithmshave successfullybeenappliedfor retrieving relevant

imagessimilar to the queries,from real life imagedatabase.Ultimately, the described

works would be presentedthrougha chapter. The saidchapteris organizedasfollows.

Section1.1 givesa formal descriptionof the main aspectsof imagesusedin imagere-

trieval anda brief descriptionof a CBIR system.Section1.2describesthemainresearch

relatedissuesin CBIR. Section1.3 discussesaboutthe motivationandthe focusof the

problems.Section1.3.1describestheproblemdefinitions.Section1.3.2providesa short

overview of differentCBIR approaches.Section1.3.3narratesthescopeof thethesis.

1.1 Main characteristicsof the imageusedin retrieval

Theautomaticinterpretationof semanticallymeaningfulinformationfrom low-level vi-

sual featureslike color, texture shape,etc. is the focusof interestfor mostresearchon

imageretrieval. Theuser’s requirementscanbespecifiedby queryingfrom a databasein

theform of attributeslikecolor, texture,shape,spatialrelationships,asketch,anexample

imageor in termsof keywords.

Visual contentsof an image

Thedistinguishingaspectsof visual informationretrieval is that it is basedon theavail-

ability of a representationof visualcontent.A digital imageconsistsof pictureelements

with finite size(pixel). Thesepixelscarryinformationaboutthebrightnessof a particular

locationin an image. Sucha digital imageis representedby a two-dimensionalmatrix

whoseelementsaremareintegernumberscorrespondingto thequantizationlevelsof the

brightnessscale. Similarity definethe relationbetweenimagepixels or imagefeatures

regardlessof its perceptualcauses.Whenthereis muchdatain thematrix, theprocessing

time requiredto evaluatesimilarity betweenimagesat pixel levels is very high. Better

representationof an imagemaybeobtainedif global featuresarederivedfrom theorig-
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inal imagematrix first. Suchrepresentation(at macrolevel) is moreconciseandoccu-

pieslessmemory. Contentdescriptorsmayregardperceptualfeatureslike color, texture,

shape,structure,spatialrelationship,etc. For thepurposesof content-basedretrieval, an

integratedview oncolor, texture,andlocalgeometryis veryuseful,becauseonly aninte-

gratedview on suchpropertiescanprovide themeansto distinguishamonghundredsof

thousandsdifferentimages.

The visual contentsof an imagecanbe definedfrom (a) Low level propertieslike,

color, texture, shapeandspatialrelations. (b) Semanticproperties: that correspondto

objects,scenes,impression,emotionsandmeaningsassociatedwith thecombinationsof

low level properties.

The important visual featuresmay bedescribedasfollows :

Color features: Color makestheimagetake valuesin a 3-D color vectorspace.Com-

monly usedcolor spaceincludeRGB,Munsell,CIEL*a*b*, CIEL*u*v*, HSV (or HSL,

HSB) and opponentcolor space. Thereis no agreement,on which color spaceis the

best. RGB color representationa goodchoicesincethat representationwasdesignedto

matchthe input channelof the eye. RGB-representationsarein wide-spreaduse. They

describethe imagein its literal color properties.Othersapproachesusethe Munsell or

theLab-spacesbecauseof their relativeperceptualuniformity. TheLab representationis

designedso that the Euclideandistancebetweentwo colorsrepresentationsmodelsthe

humanperceptionof color differences.The HSV-representationis often selectedfor its

invariantproperties.Thehueis invariantundertheorientationof theobjectwith respectto

theilluminationandcameradirectionandwidely usedin differentretrieval applications.

Shapefeatures : The shapepropertiescaptureconspicuousgeometricdetails in the

image. Useof Shapefeaturesarebestway to enhanceobject-specificinformationcon-

tainedin images.Edgesandsalientpointsareoftenusedto characterizeshapeproperties.
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Salientfeaturecalculationsleadto setsof pointswith known locationandfeaturevalues

capturingtheir salience.Cornersor commonlythe high curvaturepointsare important

salientpointsusedto capturestructuralinformationwithin an image. With the useof

edgesandsalientpoints the information of the imageis condensedinto just a limited

numberof featurevalues.Extractionof edgesandsalientpointsleadsto agroupingof the

databasedonpsychovisualperceptionandmaybeusedto avoid thebrittlenessof strong

segmentationinto regions.

Edges: Edgesare usedto locatethe changesin intensity functions. Edgesare

pixelswherethe intensityfunction changesabruptly. An edgeis a propertyattachedto

an individual pixel. It is calculatedfrom the imagefunction behavior in neighborhood

of thatpixel. It is a vectorvariablewith two componentsmagnitudeanddirection. The

edgemagnitudeis the magnitudeof the gradientandthe edgedirectionis the direction

perpendicularto themaximumgradient.Thereareseveralpopularedgedetectorswhich

usespatialandfrequency filtering techniques[75], [86].

Corners : Cornersarevery goodinterestpoints. Cornerpointslie on sharpedges

andaregenerallydefinedfrom curvature.

Texture features: Texturecontainsimportantinformationaboutthestructuralarrange-

mentof surfacesand their relationshipto the surroundingenvironment. Effective rep-

resentationof texturescanbe madefrom the statisticalandstructuralpropertiesof the

brightnesspattern.

Spatial relations : Within an image,the informationbetweenthe semanticallyimpor-

tantpartsof image-objectsmaybederived in termsof relationslike, inside,top, left to,

right to, etc. Descriptionsby meansof relationalstructuresareappropriatefor higher

levelsof imageunderstanding.
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1.1.1 Query specification

Theimagesemanticsi.e, themeaningof animagehasdifferentlevelsdependinguponthe

degreeof abstractionusedto describeit. As a result,thedifferentquerycategorieswhich

anefficient CBIR is expectedto handlemaybebroadlyclassifiedinto 3 levels,basedon

thelevel of complexity.

Level 1: This usesprimitive featureslike color, texture,shapeor spatialrelationshipsof

imageelementsthatcouldbeextractedautomaticallyfrom theimageswithout thehelpof

externalknowledgebase.

Level 2: This level usesderived featuresinvolving somedegreeof logical inferencing

aboutthe identity of objectsdepictedin the image.For example,retrieval of objectsfor

a giventype( find a doubledecker busin theimage)or retrieval of individual objectsor

persons( find thepictureof theEiffel tower).

Level 3 (high level semantics):This involvesasignificantamountof high level reasoning

aboutthemeaningor thepurposeof theobjectsor scenesdepicted.

In thepresentstate-of -the -art, the researchin CBIR hasmostlydealtwith level 1, i.e,

with low level properties. However, efforts are alsobeingmadeto achieve successin

retrieval, basedon level 2 and3 i.e, thesemanticaspects[119].

1.1.2 Main componentsof a CBIR system

The main modulesof a CBIR systemareas follows : (1) The userinterface. (2) The

featureextractionsubsystem.(3) Theindexing subsystem.(4) Thequeryprocessingsub-

system.(5) Thefeaturematchingsubsystem(6) Relevancefeedbackmodule[30].

1. Userinterface:Theuserinterfacefacilitatesinteractionbetweentheuserandthesys-

tem,speciallywhenpresentingaqueryto thedatabaseandviewing theretrieval results.

2. Featureextraction subsystem:A subsystemfor extraction of visual properties,for

properrepresentationof images.Imageprocessingandpatternanalysisaremainly used
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in orderto detectvisualpropertiesandcomputetheirmeasures.As mentionedearlierthat,

featuresmaybegroupedinto two broadcategories.(a) Low level features(b) High level

features.Low level featuresarein generalthe featurescomputedfrom thepixel values.

High level featuresmostly involve semanticsof theentireimage.In somecases,seman-

tics canbe extractedautomaticallyfrom images,basedon a combinationof a low level

featuresthrougha suitablesetof rules. Semanticinformationmaybepartly suppliedas

textualannotationin generalfor all thoseconceptsthatcannotbeextractedautomatically.

3. Indexing subsystem: Theindexing subsystemprovidesanefficient way to accessthe

featuresof eachimagein thedatabase[124]. If thedatabaseis verylarge,thensuitablein-

dex structuresarerequiredfor carefulmanagementof thefeaturevectors.Hashingtables

andsignaturefilesarethecommonlyemployedindexing methodsusedto index keywords

or alphanumericstrings.

However, the visual propertieslike color, texture, shape,etc, aremodeledaspoints in

a multidimensionalfeaturespace.Among the several multidimensionalpoint indexing

methods,the dynamicdatastructures,R-tree, K-d tree are popularly implementedin

CBIR for featurevectorindexing from a largedatabase.

4. Queryprocessingsubsystems: Performsnecessaryoperationsonthefeaturesextracted

from thequeryimagesuchas,( a portionof theimagemaybesubmittedasa query).To

initiateaquery, theuserselectswhichfeaturesor parametersareimportantfor aparticular

case,wheretheuser’s querymaybein termsof animage,asketchor keywords.

5. Featurematchingsubsystem: This moduleis usedto performsimilarity matching

betweeneachimagein the databaseandthe query image. The similarity basedimage

retrieval is thetaskof re-orderingdatabaseimages,accordingto somespecifieddistance

measurelike,Euclideandistance,Mahalanobisdistance,etc.

6. Suitablerelevancefeedback: Automatedimageanalysisis importantbecauseit pro-

vides informationaboutthe imagewithout costly humaninteraction. In spiteof its at-

tractive advantages,a fully automatedsystemcannotgeneratesatisfactoryresults. This

is becauseimageswith high featuresimilaritiesto thequeriesmaybedifferentin terms
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Figure1.1: Building Block of a typicalCBIR system.

of semantics.To solve the problemof mapping,a high-level conceptin termsof low

level featuresis known asminimizationof semanticgaps.To bridgethis gap,humanand

computersshouldinteractto refinehigh level queries,with representationsbasedon low

level features.Theiterativeprocessof refinementof queriesandresultsguidedby user’s

feedbackis known as”relevancefeedback”[178], [224], [80], [45], [214], [192], [117].

1.2 Main research relatedissuesin CBIR

Researchin CBIR is experiencinghighpotentialityin therecentpast.It hasopenedscope

in multipledomains,someof whicharementionedbelow.

1. Suitablefeatureextractionmodel : Researchin imageretrieval canbe exploited to

definenew waysfor automaticrepresentationof images,so thathigh level conceptscan

bemappedtogetherwith theextractedlow level visual features[107], [144], [43], [70],

[103], [36], [50], [147]. However, retrieval systemsbasedon conceptualrepresentation
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of semanticaspectsarevery few andresearchin this areais still in its infancy [114].

2. Suitablerelevancefeedback: SuitableRelevancefeedbackmechanismis important

for aneffective imageretrieval system[178], [224], [80], [45], [214], [192], [117], [73].

Several techniqueshave beenproposedto enhancethe retrieval accuracy of the system

andhasbecomeoneof theimportantissuesin CBIR research.

3. Suitabledatamodelandknowledgestructures:Suitabledatamodel [30], [180] and

knowledgestructuresarerequiredto organizetheextractedvisual information[60]. This

hasbecomeanimportantresearchissue.

4. Similarity models: Effective similarity modelsareusedto measuresimilaritiesbe-

tweenthe extractedfeatures[179], [198]. Currentlyusedsimilarity models,aremostly

basedon the evaluationof properdistancefunction in the metric featurespace. The

popularlyusedmetricsareEuclidean,Mahalanobisdistance,etc. Thesemodelsarenot

satisfactoryenoughin many cases.Psychologicalsimilarity modelsthatfit humansimi-

larity judgmentmorecloselymustbeinvestigated.

5. Effective indexing : Operationsallowing efficient indexing of high dimensionalfea-

tures,anddevelopmentof dynamicstructuresthatallow changesin thedatabasewithout

the needfor rebuilding the whole index for large database,are importantresearchis-

sues[162], [105], [103].

1.3 Moti vation and objectives

Theaccuracy of animageretrieval systemstronglydependson theproperrepresentation

of visual contents.Under this perspective, the featureextraction is the most important

componentof theretrieval architecture.Variousimageclassesthatcomposethedatabase

shouldbe clearly separatedin featurespace.Oncesuchseparationis achieved, the re-

mainingcomponentsbecomefairly easyto design.Main objective of featureextraction

is datareductionwhich meansrepresentingvisual patternsby a minimal setof features

or properties.Althoughminimumnumberof featuresaredesirablein developingaCBIR



1.3Moti vation and objectives 11

systembut in suchcasesthe accuracy of retrieval may not be satisfactory. In general,

a tradeoff is often beingmadebetweenthe computationalcost involved in considering

morefeaturesandtheretrieval accuracy. In this line, the thesisis organizedto show the

retrieval performanceby addingdifferenttypefeatures,whicharediscussedin thesubse-

quentchapters.

Efficient featureextractionshouldexhibit thefollowing importantproperties:

Invarianceandperceptual relevance

Invariant transformationsare thosewhich arerobust to changesin imagingconditions,

like changein illumination, linear transformationslike rotation,translationandscaling.

Perceptuallyrelevant transformationsmimic in someway the propertiesof the human

visualsystem.Thisgivesriseto challengingissueslikehandlingincompletequeryspeci-

fication,incompleteimagedescription,variabilityof sensingconditions(sensorygap)and

objectstates,uncertaintiesarisingdueto perturbationof data,individuality in perception

mechanism,etc.

1.3.1 Problemdefinition

Thisthesismakescontributionsthatarerelatedto CBIR.Emphasishasbeengivenmainly

on featureextractionfor efficient CBIR, looking into someof thepracticaldifficultiesin

CBIR. Theremaybemultiple interpretationof thesamevisualdataby differentusers.As

a result,relevancy of the retrieval arestronglyrelatedto predictionaccuracy. Therefore

the systemshouldsupportmultiple features,multiple representationof featuresaccord-

ing to its relative importance,learningmechanismguidedby user’s feedback,handling

of imprecisenessarisingdueto incompleteor perturbeddata,etc. As anattemptto solve

someof theseproblems,useof Soft decisionmakingthroughapplicationof fuzzy logic

in the featureextractionandfeatureevaluationmodulefor relevancefeedbackhasbeen

made. Applicationsof WaveletsandSupportVectorMachineshave alsobeenexplored

for efficient characterizationof images.
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Thebasicoutlinesof differentcontributionsdescribedin this thesisareasfollows :

(a) Designof a Content-BasedImageRetrieval systembasedon fuzzy edgebased

features. Multilevel edgemapsconsistingof weak, mediumand strongedgepoints (

characterizedthroughgradientmembershipvalues)aregeneratedfrom a gray level im-

age.Usingthefuzzy edgemaps,a fuzzy compactnessfeaturevectoris computed,which

is subsequentlyusedfor measuringthe similarity betweenthe query and the database

images.Thealgorithmis alsousedto retrieve logo images.

(b) A fuzzy-settheoreticapproachfor detectionof graylevel cornersis proposed.To

test the robustnessof the proposedalgorithm,the resultsaretestedon different images

whichhaveundergonechangesdueto blurring,varyingillumination,etc.

(c) A classificationbasedcornerdetectoris proposed,usingSupportVectorMachines

on theextractedfuzzyedgedata.

(d) Designof an imageretrieval systemby extractingsignificantcolor featuresfrom

visually significantpoints(i.e., in thelocality of thetruecornerpoints).A fuzzy entropy

basedmechanismto evaluatethefeaturesfrom theretrievedresultsguidedby user’s rel-

evancefeedbackis alsoproposed.

(d) Performsegmentationto extractsignificantcolored-texturedregionsusingwavelet

packet framesandcomputefuzzy spatialrelationsbetweenthesegmentedregionsto im-

plementacolor imageretrieval scheme.

1.3.2 A short review on differ ent CBIR approaches

Color, texture, shape,spatialrelations,etc. arethe mostwidely usedfeaturesin CBIR

applications.A shortdescriptionaboutapplicationof variousfeaturesis providedin the

following subsection.We alsopresentthe State-of- the -art in CBIR by giving a brief

discussionon someof thepopularcommerciallyavailableCBIR systems.

Retrieval by color basedrepresentations:

Color featureis oneof themostwidely usedvisualfeaturesemployedin Imageretrieval.
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Muchresearchhasbeendevotedtowardsgenerationof robustandefficientcolor features,

so that the featuresbe able to presentthe following propertieslike, perceptualsimilar-

ity, low complexity, low dimensionswithout affecting the retrieval accuracy, changesin

imagingconditionsof thedatabaseimages,etc.

Eachpixel of the color imagecanbe representedasa point in a 3D color space.Com-

monlyusedcolorspacefor imageretrieval includeRGB,Munsell,CIEL*a*b*, CIEL*u*v*,

HSV (or HSL, HSB) andopponentcolor space.Thereis no agreement,on which color

spaceis the best. The effective andefficient computationof color indicesgenerallyre-

quire sufficient reductionin the numberof colors to representthe color contentsof an

image.Thismaybeachievedthroughcolorspacequantization.

Imageretrieval basedpurely on color distributionsmay not achieve satisfactoryresults.

Integrationof color basedfeatureswith otherfeaturesmaybeusedto produceeffective

results.

Someof thepopularcolor quantizationtechniquesarementionedasfollows : Smithand

Chang[188] have partitionedthe HSV color spaceinto 166 bins, placingmore impor-

tanceon hue(18 levels)thanon valueandsaturation( takingthreelevelseach).Median

filtering hasbeenperformedon eachof theHSV color spaceasa pre-processingstep,to

eliminatenoiseandemphasizeon prominentcolor regions. GagliardiandSchettni[68]

haveproposedtheuseof multipledescriptionof colors.In theirquantizationmethod,the

CIELAB colorspaceis dividedinto 256subspaces(categories).Thecolorswhichremain

perceptuallythe same,are labeledwith its own linguistic tag, accordingto ISCC-NBS

color namingsystem.Imagesquantizedby this methodarefurther clusteredin a setof

differentequivalentclassesrepresentingdifferentbasiccolors( black, gray, white, red,

etc. ) to producea coarseunsupervisedsegmentation.Thesignificantcolor components

which areextractedaftereffective quantizationof thecolor spacescanberepresentedin

many differentwaysto representtheimagecontent.

Amongthedifferentcolor contentrepresentationof images,Color Histogramis themost

traditionalway of describinglow level color propertiesof imagesandhasbeenwidely
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usedin imageretrieval applications,[139], [30] [164], [195], [92].

Color histogramis obtainedby discretizingimagecolorsandcounthow many pixelsbe-

long to eachcolor. A color histogramw is a vector [ � d , ...., �'x ] in which eachbin �'y
containsthenumberof pixelshaving thecolor z in theimage.Colorhistogramsarefairly

robust to translationandrotationabouttheview axisandchangesslowly with thescale,

occlusionandviewing angles.Similarity betweenimagehistogramscanbemeasuredin

termsof thesumof squareddifferences( { u metric),or thesumof absolutevaluesof dif-

ferences( {Id metric). Swain andBallardhave proposedHistogramIntersectionmeasure

(L1 metric) asa similarity measurefor the color histogram[196]. To take into account

thesimilaritiesbetweensimilar but nonidenticalcolors,Niblack et al. [62] introduceda

weightedEuclideanmetric in comparingthe histograms.In order to reducenoisesen-

sitivity, Sticker andOrengo[193] proposedtheuseof cumulatedColor Histogramsand

obtainedbetterresultsoverconventionalcolorHistograms.In [193],boundaryhistograms

hasbeenusedto encodethe lengthsof theboundariesbetweendifferentdiscretecolors,

in orderto take into accountgeometricinformationin color imageindexing. Clustering

methodscanbeusedto determinethek- bestcolorsin a givenspace,whereeachof the

bestcolorwill betakenasahistogrambin. Selectivebinsthatcapturethelargestpossible

pixelsnumbersis proposedin [74]. Histogramcomparisonmaynotgeneratesatisfactory

results,in thecaseof imagedatabasecontaininglarge numberof images.To solve this

problem,thejoint histogramtechniqueis introducedin [160].

As color histogramlacksspatialinformationof pixels,differentimagescanhave similar

colordistributions.Thisproblemhasbeenhandledby many researchers,[92], [90]. Man-

daret al., havemadetheuseof color correlogram.Thefirst andtheseconddimensionof

thethree-dimensionalhistogramarethecolorsof any pixel pair andthe third dimension

is their spatialdistance.A color correlogramis a tableindexedby color pairs,wherethe

k-th entryfor (i, j) specifiestheprobabilityof findingapixel of color j atadistancek from

a pixel of color i in the image.A differentway of incorporatingspatialinformationinto

thecolorhistogram,wascolorcoherencevectors(CCV), whichpartitionseachhistogram
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bucket basedon spatialcoherence.Eachhistogrambin is partitionedinto two types,i.e.,

coherent,[160] if it belongsto a largeuniformly-coloredregion, or incoherent,if it does

not. Suchanapproachgave betterresultsin thecaseof imagedatabasecontaininglarge

numberof images. Othersimilar approachincludesapplicationof motif cooccurrence

matrix (MCM) [93]. Conceptually, theMCM is quite similar to the color cooccurrence

matrix (CCM), however, theretrieval usingtheMCM is betterthantheCCM sinceit cap-

turesthethird orderimagestatisticsin thelocal neighborhood.

A new content-basedimageretrieval methodusingthecolorandpatternhistogramthatis

adaptiveto theblockclassificationcharacteristicshasbeenproposedin [195]. A new and

effective imageindexing techniquethatemploys local uni-colorandbicolor distributions

andlocal directionaldistribution of intensitygradientis proposedin [164]. Histograms

with adaptivebinshavebeenproposedin [113], which performedbettercomparedto ex-

isting methodsfor histogramretrieval in termsof goodaccuracy, small numberof bins

andefficient computation.

Changesin illumination conditionsmodify thecolorsof animageand,affectstheresults

of thecolorbasedalgorithms.Swain andBallard[196] havesuggestedtheapplicationof

color constancy algorithmto illumination independentfeatures.Their ideawasmodified

by FuntandFinlaysonin which [67] histogramsof thederivative of the logarithm,code

the lengthof the boundariesbetweencolors,andprovesan illuminant independentde-

scriptionof animage.GeversandSmouldershaveproposedvariousmodelsandchecked

theirinvarianceunderchangingconditions[70]. Oneof thecolormodelsproposedin [71],

assumesdichromaticreflectionandwhite illumination, andis independentof the view-

point,surfaceorientation,illuminationdirectionandintensity. It alsodiscountstheeffect

of shadows and shadings.Thesealgorithmsare usedsatisfactorily for object recogni-

tion [69].

Color momentshave beensuccessfullyusedin many retrieval systemslike, QBIC, [62],

[194]. The first order(mean),the second(variance)andthe third order(skewness)color

momentshave beenprovedto beefficient andeffective in representingcolor distribution



1.3Moti vation and objectives 16

of images.Althoughcolor momentsprovide a compactrepresentation,it haslower dis-

criminationability comparedto othersophisticatedfeatures. Color momentscanhave

goodapplicationin the first pass,wherethe searchspacecanbe reducedbeforeother

sophisticatedcolor featuresareusedfor retrieval. In theRecentpast,colormoment(CM)

andthecolorvarianceof adjacentpixels(CVAP) hasbeencombinedto raisethequalityof

similarity measurefor imageretrieval in [44]. An imageretrieval systemwhichexpresses

thesemanticsassociatedwith thecombinationof chromaticpropertiesof color imagesis

proposedin [56].

Other approachesfor color imageindexing are mentionedas follows: Binaghi et al.,

[33] proposedthreefuzzy setscorrespondingto similarity in lightness(L*),hue(h*)and

chroma(C*)color dimensions.Thesimilarity betweentwo colorssay, | and z is defined

asa functionof differencebetweenthemembershipvalues,in agivencolorspace.

Wavelet transformshave beenusedfor effective color representationfor imageretrieval.

In [37], multiresolutionwavelet transformhasbeenusedin a modifiedCIELUV color

spaceto computemultiresolutionimagesignatures.Themultiresolutionwaveletdecom-

position, obtainedusing Haar waveletsare codedin signaturesof predefinedlengths,

which are comparedin the retrieval phaseby applying a similarity measure,basedon

supervisedlearning.

An effective saliency-basedcolor imageindexing methodhasbeenproposedrecently,

in [110]. A color/texturesignatureby usingjointly thewell-known colorcorrelogramex-

tendedto salientfeaturesandrotatedwaveletfilter responsesis usedasfeaturesfor image

retrieval. Experimentalresultsareconductedby adoptingaglobalsalientapproachanda

localsalientapproachto show theeffectivenessof theproposedscheme.A recentmethod

usedfor assessingthecontribution of Color in Visual Attention, for imageretrieval has

beenproposedin [95]. Visual attentionis the ability of a vision system,to rapidly de-

tectpotentiallyrelevantpartsof a visual scene, on which higherlevel vision tasksmay

beperformed.A methodologyconsistingin comparingthecomputationalsaliency map

with humaneye movementpatternsto assessthe quantitative contribution of chromatic
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featuresin visualattentionis proposed.

Retrieval by texture basedrepresentations:

Texturecontainsimportantinformationaboutthestructuralarrangementof surfacesand

their relationshipto the surroundingenvironment[30]. Effective representationof tex-

turescanbemadefrom thestatisticalandstructuralpropertiesof thebrightnesspattern.

Textureshavewideapplicationsin patternrecognitionandcomputervisionandalsofinds

its way in imageretrieval applications.Basically, texturerepresentationmethodscanbe

classifiedinto two categories:structuralandstatistical[75]. Structuralmethods,including

morphologicaloperatorandadjacency graph,describetexture by identifying structural

primitivesandtheirplacementrules[125]. They tendto bemosteffectivefor regulartype

of texturepatterns.The texturepropertieslike coarseness,contrast,directionality, regu-

larity androughness,etc. aremostlyrepresentedbasedon statisticalmodels.TheStatis-

tical methods,includingFourierpowerspectra,co-occurrencematrices[83], Tamurafea-

ture[197], Wold decomposition[64], SimultaneousAutoregressivemodel[135] Markov

randomfield [57], etc. includingmulti-resolutionfiltering techniquessuchasGabor[10]

andWavelet[3] transform,characterizetextureby thestatisticaldistributionof theimage

intensity. A brief review on texture representationandpropertieshave beenpresented

in [221]. Coefficientsof a 2-D transformareusedto indicatethecorrelationof a bright-

nesspatternin theimage.Coefficientsof wavelettransformscanalsobeusedto represent

frequency propertiesof a texturepattern.Wavelet transformshave beenwidely usedfor

texture representation[3], [4]. Dif ferent modelingof textureshave widely beenused

in imageretrieval applications.Computationalapproximationto meaningfulvisual tex-

turepropertiesor psychologicalaspectsof texturelikecoarseness,contrast,directionality,

line-likeness,regularity, roughness,etc. wasproposedby Tamuraet al., [197]. A simi-

lar representation[118] wasobtainedaccordingto Wold decompositioncorrespondingto

repetitiveness,directionalityandcomplexity percepts.Retrieval basedon texturesimilar-

ity usingWold transformbasedapproach,is usedin Photobooksystem[161]. Thetexture
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representationbasedon Wold transformis aimingto detectthepresenceof periodictex-

tures,textureorientation,etc. Representationof texturesat differentresolutions,in order

to modeldifferentgranularities,with SARmodelhasbeenproposedin [135] andknown

asMRSAR. As Tamuratextural featurescapturethepsychologicalaspectsof texture, it

hasbeensuccessfullyusedin imageretrieval applicationin MARS [151] andQBIC [62].

A Gaborwaveletdecompositionmodelhasbeenusedfor imageretrieval by Ma andMan-

junath[132]. Theperformanceis reportedfairly comparableto MRSARmethod.

Someof therecentapproachesarementionedasfollows. Recently, astatisticalapproach,

usinga novel ordinal co-occurrencematrix framework for the purposeof content-based

textureretrieval is proposedin [159]. A new methodfor colortextureretrieval usingcolor

andedgefeaturesis proposedin [213].

Dueto theattractive advantagesof multiresolutioncharacteristicsof wavelets,represen-

tation of texturesusing waveletsare extensively usedin image retrieval applications.

Wavelet transformleadsto the developmentof adequatetools to characterizedifferent

scalesof textureseffectively. A novel histogram-basedtechniquethat is robust to the

changesin imageillumination levels,whereretrieval is performedby comparingthepa-

rametersof histogramsof thewaveletsubbandsis proposedin [131]. In therecenttimes,

Cosine-modulatedwavelet transformbasedtechniquefor extractionof texture features

hasbeenproposedin [101]. The major advantagesof Cosine-modulatedwavelet trans-

form is that,it involveslessimplementationcomplexity andproducesgoodfilter quality.

A recentapproachfor texture imageretrieval is proposedby using a new set of two-

dimensional(2-D) rotatedwavelet filters (RWF) anddiscretewavelet transform(DWT)

jointly. A new setof 2-D rotatedwaveletimprovescharacterizationof diagonallyoriented

textures[100].

A very recentapproachon retrieval of structuredandrandomtexturehasbeenproposed

by [52]. In this approach,a multiscaledirectionalfilter bank (MDFB) is designedto

suppressthe aliasingeffect aswell asto provide rotation-invariantfeaturesfor texture

characterization.Secondly, an entropy-basedmeasureon energy signaturesis proposed
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to classifystructuredandrandomtextures. A recenteffective texture descriptorinvari-

ant to translation,scaling,androtationfor texture-basedimageretrieval applicationsis

proposedin [185]. The proposeddescriptoris obtainedby first calculatingthe power

spectrumof anoriginal textureimagefor translationinvarianceandthenthepowerspec-

trum imageis normalizedfor scaleinvariance. Finally, modifiedZernike momentsare

calculatedfor rotation invariance. Wavelet-BasedTexture Retrieval Using Generalized

GaussianDensityandKullback-Leiblerdistanceis proposedin [59]. A recenttexture

retrieval scheme,basedon rotationinvarianttextureclassificationusingGaborwavelets

hasbeenproposedin [10]. Wavelet correlogramhasbeenusedfor imageindexing and

retrieval in [144]. RotationinvariantfeaturesusingGaborwavelets,in which redundancy

problemdueto non-orthogonaldecompositionof Gaborwaveletshasbeenaddressedis

proposedin [145].

Image retrieval by shapebasedrepresentations:

Shapefeaturesof objectsor regionshavebeenwidely usedin many content-basedimage

retrieval systems[55], [172], [172]. In general,shapedescriptioncanbecategorizedinto

either(a) Boundary-basedmethods.(b) Region-basedmethods.Boundary-basedmeth-

ods include polygonalapproximation[11], finite elementmodels[181], Fourier-based

shapedescriptors,etc.[9], [96]. Region-basedmethodsincludestatisticalmoments[97],

geometricpropertiesof regions,like areacompactness,elongatedness,etc.[58]. A good

shaperepresentationfeaturefor anobjectshouldbeinvariantto translation,rotationand

scaling.A survey on shapeanalysistechniqueshasbeenperformedin [120]. Fourierde-

scriptoris popularlyusedasoneof theboundarybasedshapedescriptors.Fourierdescrip-

torsdescribetheshapeof anobjectwith theFouriertransformof its boundary[219], [9].

TheFourier transformsof contourrepresentationsgeneratesetsof complex coefficients,

representingtheshapeof anobjectin thefrequency domain.A recentwork on Retrieval

of ShapesUsing Phaseof Fourier DescriptorsandTime WarpingDistanceis proposed

in [24]. A recentapproachusingFourierdescriptorsin multiple scales,which improves
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theshapeclassificationandretrieval accuracy in comparedto ordinaryFourierdescriptors

is proposedin [107].

Invariantmomentsarealsopopularlyusedasshapedescriptors.A setof sevenmoments

invariantto rotation,translationandscalehavebeenproposedby [89], to describeshapes

completely. A solutionconsideringtheissueof invariancewith ZernikeMomentsfor ob-

ject recognitionhasbeenproposedin [97]. Mehreetal.,havecomparedtheperformances

of differentshaperepresentationsin [140]. A digitizationprocess,thatpreservesseveral

propertiesof theobjectboundary, suchasconvexity andinflectionin presenceof noiseor

aboundarydiscontinuityis proposedin [77].

Representationof shapeasmodaldeformationsof aprototypeobjecthasbeenconsidered

in [161]. In thismethod,shapedescriptionusingfinite elementmodelandshapecompar-

isonbetweentwo FEM shaperepresentationsaremadefrom deformingoneelasticshape

modelto align with the other. Bimbo et al., have consideredin [31], theshapesimilar-

ity which accountsfor the amountof deformationof a sketch. Suchtechniqueis based

on elasticmatchingof sketchedtemplatesover theshapes.A retrieval methodby shape

similarity usinglocaldescriptorsis proposedin [27] whereshapesarepartitionedinto to-

kensin correspondencewith their protrusions,andeachtokenis modeledaccordingto a

setof perceptuallysalientattributes.Shapeindexing is thenobtainedby arrangingshape

tokensinto a suitablymodifiedM-tree index structure.Evaluatingshapesimilarity from

finding correspondingbetweenthe pointson two shapeshasbeensolved in [26]. The

correspondenceproblemhasbeensolvedby attachinga shapedescriptorandthe shape

context to eachpoint, wheretheshapecontext at a point capturesthedistribution of the

remainingpointsrelative to it. Given the point correspondencesthey alsoestimatethe

transformationsthatbestalignstwo shapes.A very recentapproach,in which a contour

basedmethodfor region basedshaperepresentationandretrieval is proposedin [218].

In this approach,a onedimensionalsignaturefunction is generatedfrom a two dimen-

sionalregionshapeandusedfor imageretrieval. Shaperepresentationfrom orientationof

edgemaphasbeenproposedby Fariboezet al., in [128]. A shape-basedimageretrieval
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methodusingsalientedgeshasbeenproposedin [81]. A content-basedimageretrieval

algorithm basedon information of codedblocks which are usedto find matchesfrom

an imagedatabaseis proposedin [53]. A recentwork usinginformationof edgecolor

histogramsin imagesretrieval applicationshasbeenproposedin [204]. Combinationof

edgesandinterestpointsarealsousedfor efficient featuredetection,to increasetheac-

curacy of theimageretrieval system.A very recentwork on object-basedimageretrieval

usinga methodbasedon visual-patternmatchinghasbeenproposedin [54]. In this ap-

proach,visualpatternis obtainedby detectingtheline edgefrom asquareblockusingthe

moment-preservingedgedetector. A voting schemebasedon generalizedHoughtrans-

form is proposedto provide objectsearchmethod,which is invariantto the translation,

rotation,scalingof imagedata,andalsoinvariantto orientationandposition.A new adap-

tiveedgedetectionapproachbasedon predictiveerrorvalues,for imagecontentanalysis

hasbeenproposedin [215], wheretheperformanceis shown to bebetterthansomeof the

standardedgedetectors.Co-efficientsof waveletshavealsobeenusedfor shaperepresen-

tation.A shapebasedimageretrieval basedonadaptivewaveletlifting approachhasbeen

proposedin [150]. In this approach,thefeaturevectorsarecomputedbasedon moment

invariantsof detailco-efficientsproducedby adaptivelifting schemes.A recentapproach,

for affine invariantshaperepresentation,combiningapproximationcoefficientsfrom two

differentwaveletfamilieshavebeenproposedin [175].

GraphbasedShapematchingapproachhasbeenusedby many researchers.A hierarchical

representationfor shapeanalysisatmultiplescaleshasbeenperformedin [32] by Bimbo

etal. In thisapproach,shapesimilarity is measuredfrom traversingthegraphfrom coarse

to finesimilarity matching.GraphbasedShapematchingdoneonstructuraldescriptions,

usinga setof rulescalledshapegrammarsis donein [184], [182]. A recentgeometry-

basedimageretrieval schemethatmakesuseof projectively invariantfeatureslike cross

ratiohasbeenproposedin [168]. Theresultshavebeenshown to beeffectivein retrieving

imageshaving man-madeobjectsrich in polygonalstructureslike buildings, rail tracks,

etc. Retrieval irrespective of view point andillumination changesis obtainedusingthis
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approach.A convexity measurefor recognizingrectilinearstructureshasbeenproposed

by [225]. This shapemeasureis appliedon imagedatabaseconsistingof images,rich in

structuraldescription.

Although several approachesfor measuringshapesimilaritieshave beenproposed,but

determiningthesimilarity between3D shapefrom 2D images,is a fundamentalproblem.

A techniquefor extractingfeaturesfor shapesimilarity for 3D objectmodelshasbeen

presentedin [191]. The methodincludesextractionof spatialarrangementfrom a 3D

objectsurfacefollowed by extractionof 2D shapefeaturesfrom the projectionimages

usingcurvaturedistributionof modelsurfaces.3D Zernike invariantsusedasdescriptors

for contentbased3D shaperetrieval hasbeenproposedin [149]. Thesemomentsare

computedasthe projectionof the functionsdefining the objectonto a setof orthonor-

mal functionswithin theunit ball andthenusedasfeatures.Shapematchingbecomesa

challengingproblemwhentheobjectis occluded.This aspectof shaperepresentationis

usefulin many applications.Recentlyaproblemonpartialshapematchingusingdirected

acyclic graph(DAG) hasbeenproposedin [109].

Retrieval by Spatial similarity :

Spatialrelationsbetweenobjectsin animagecancontributesignificantlyto thedescrip-

tion of its content.The relative positionslike left, right, below above, etc. to an object

maybeusedto capturemeaningfulsemanticinformationfrom an image. Freeman[66]

defined11 primitive spatialrelationsbetweentwo objectslike (left of, right of, above,

below, behind,in front of, near, far, inside,outside,surround,etc). It hasalsobeenrecog-

nizedthatthey arebestdescribedin anapproximate(fuzzy) framework [102].

A new CBIR systemwhichevaluatesthesimilarity of regionsoneto theother, takinginto

accountthespatialconfigurationof differentregionsis proposedin [63]. In thisapproach,

thespatialstructureof theregionsis representedby meansof fuzzy spatialrelations,like

horizontalandvertical disposal. A very recenthistogramrepresentationmethodcalled

R-Histogramthat extendsthe histogramof anglesby incorporatingboth anglesandla-
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beleddistancesfor representingtopologicalspatialrelationslike, insideandoverlapfor

its applicationin imageretrieval is proposedin [208]. An imageretrieval method,where

multiple regionsandtheir spatialrelationshipareusedin comparingimagesandHaus-

dorff Distance(HD) is usedto estimatespatialrelationshipsbetweenregionsis proposed

in [99]. MatchingSpatialRelationsUsingdb-Treefor ImageRetrieval hasbeenproposed

in [116].

Spatial relationshipsmodeledin the framework of fuzzy setsfor defining topological

propertieslike (setrelationships,adjacency) andmetricalrelations(distances,directional

relative position)have beenanalyzedandreviewedin [35]. Geometrybasedrepresenta-

tion andgraphmatchinghasbeenpopularlyusedto representspatialrelationswhich is

proposedin [103]. Fuzzyspatialsimilarity hasbeenusedto assesstheretrieval accuracy

of thetechniques.

Retrieval by Combination of features:

A single featurecannotbe sufficient enoughto generatea meaningfulcharacterization

of an image. As eachfeaturetries to capturea particularaspectof an imagecontent,

a combinationof featuresis generallyusedfor more meaningfuldescriptionof image

content.A weightedhistogrambasedcombinedapproach,wheretheshapeof anobject

is representedby histogramsof edgedirectionsandcolor with color histogramsis pre-

sentedin [91]. A region basedapproach,consideringhomogeneousregionswith similar

color andtexture is proposedin Blobworld [43]. In their approach,imagesegmentation

is performedby fitting a mixture of Gaussiansto the pixel distribution in a joint color

texturepositionfeaturespace.Imagequeryingis donebasedon the regionsof interest.

TheQBIC [62] systemsupportsusersto retrieve imagesby color, textureandshape.In

their method,the color featurescomputedare,the3D averagecolor vectorof an object

or the whole imagein RGB, YIQ, and Munsell color space,a 256-dimensionalRGB

color histogram.The shapefeaturesconsistof shapearea,circularity, eccentricity, ma-

jor axis orientationanda setof algebraicmomentinvariants.The texture featuresused
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in QBIC are modified versionsof the coarseness,contrast,and directionality features

proposedby Tamura. QBIC allows queriesbasedon exampleimages,user-constructed

sketchesor/andselectedcolor andtexturepatterns.Virageis anotherCBIR system,that

supportsvisualqueryingbasedon color, textureandspatial-relationship.TheVirageEn-

gine[12] providesasetof generalprimitives,suchasglobalcolor, localcolor, textureand

shapes.Apart from these,variousdomainspecificprimitivescanbecreatedwhendevel-

opinganapplication.Queriescanbeperformedon varioususer-definedcombinationsof

primitives. Photobook[161] implementsthreedifferentapproachesto constructingim-

agerepresentationsfor queryingpurposes,eachfor a specifictypeof imagecontentsuch

as, faces,2D shapesand texture images. The matchingalgorithmsincludeEuclidean,

Mahalanobis,vectorspaceangle,Histogramintersection,Fourierpeakandwavelet tree

distanceasthedistancemetrics.Combiningcolor andshapeinvariantfeaturesfor image

retrieval hasbeenproposedin [72]. An approachto representspatialcolor distributions

usinglocal principalcomponentanalysis(PCA), followedby a symmetrybasedsaliency

mapandan edgeandcornerdetectoris proposedin [87]. An integratedregion match-

ing approach,wherethe regionsarecharacterizedby color, texture,shape,locationand

applicationfor semanticsensitiveclassificationof picturelibraries,hasbeenproposedin

SIMPLIcity [206]. Wavelet basedsalientpointsareevaluatedfor imageretrieval using

the color andtextural featuresin [121]. The conceptof image-transformbootstrapping

usingtransformsin the imagespacefor applicationin the casesof scenematchinghas

beenproposedin [126]. A very recentimageretrieval mechanismbasedon joint model-

ing of semanticlabelandvisual featuredistributionsis illustratedin [41]. Theproposed

methodis shown to befairly robust to parametertuning. RecentlyContent-basedimage

retrieval (CBIR) systemwith relevancefeedback,which usesthe algorithmfor feature-

vector (FV) dimensionreduction,is describedin [217]. Insteadof all FV components

describingcolor, line directions,andtexture,only their representative membersdescrib-

ing FV clustersareusedfor retrieval. A memorylearningframework for effective image

retrieval, which usescombinationof low-level featuresandlearnedsemanticshasbeen
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proposedin [80]. A CBIR systemwhich automaticallygeneratesa setof modifications

by manipulatingthefeatures(color, texture,shape)of thequerysegmentsfrom relevance

feedbackis proposedin [8].

Retrieval usingFuzzysettheoretic approach:

In imageinterpretation,computervision, structuralrecognition,etc. the management

of imperfectinformationandimprecisionconstitutesan importantissue. This calls for

the framework of fuzzy sets. A fuzzy set framework is usedfor representingfeatures

that are intrinsically vague. If the objectsarepreciselydefined,their relationshipscan

bedefinedandcomputedin a numerical(purelyquantitative)setting.On theotherhand

if the objectsare imprecise,as is often the case,whenthey areextractedfrom images,

then the semi-quantitative framework of fuzzy setsprovesto be useful for their repre-

sentations.In CBIR systems,thequeriesthatareusedto retrieve imagescanbebroadly

classifiedasprimitive (basedon featuressuchascolor, shape,andtexture), logical and

abstract(mostly Sketch-basedand linguistic queries). Logical andabstractqueriesare

sometimesknown assemanticqueries.Digital imagesareinherentlyfuzzy. Even a re-

gion appearingas homogeneousto humanvision systemhasa gradedcompositionin

termsof graylevels[200]. Evaluatingsimilarity betweenimagesis alsoa fuzzy concept

owing to differencesarising due to individual perception. It can be shown that fuzzy

setscan be usedto model the vaguenessthat is usually presentin the imagecontent,

userquery, similarity measure,relevancefeedback,etc. Fuzzysettheorycanbe useful

in building a moreversatileCBIR systemthat canhandlequeriesof differenttypes. A

fuzzy logic approach,UFM (unified featurematching)for region-basedimageretrieval

is proposedin [51]. In their approach,an imageis representedby a setof segmented

regions, eachof which is characterizedby a fuzzy feature(fuzzy set) reflectingcolor,

texture,andshapeproperties.As a result,an imageis associatedwith a family of fuzzy

featurescorrespondingto regions. The overall similarity betweenimagesis definedas

thesimilarity betweentwo familiesof fuzzy sets.Fuzzysettheoryis effectively usedto
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describean imageretrieval systemcalledFIRST(FuzzyImageRetrieval System)[103]

which canhandleexemplar-based,graphical-sketch-based,aswell as linguistic queries

involving region labels,attributes,andspatialrelations.FIRSTusesFuzzyAttributedRe-

lationalGraphs(FARGs)to representimages,whereeachnodein thegraphrepresentsan

imageregion andeachedgerepresentsa relationbetweentwo regions. Thegivenquery

is convertedto a FARG, anda low-complexity fuzzy graphmatchingalgorithmis used

to comparethe querygraphwith the FARGs in the database.The useof an indexing

schemebasedon a leaderclusteringalgorithmavoidsanexhaustivesearchof theFARG

database.Quantitative Analysisof Propertiesof SpatialRelationsof Fuzzy ImageRe-

gionshasbeenproposedin [102]. Applicationsof FuzzyLogic in IntelligentSystemsfor

analysisof fuzzinessin imageinformationandsceneanalysishavebeenproposedby Pal

et al., [152]. An Imageretrieval schemewhich expressesthesemanticsassociatedwith

the combinationof chromaticpropertiesof color imagesis proposedby Pala Bimbo et

al.,in [56]. In their approach,fuzzy setsareusedto representlow-level region properties

suchashue,saturation,luminance,warmth,sizeandposition. A formal languageand

a setof model-checkingrulesareimplementedto definehigh-level propertieswhich ad-

dressconceptssuchastheperceptualqualityof colorsandthesensationsthatthey convey.

An imageretrieval techniquebasedon Fuzzysettheoreticevaluationof color similarity

hasbeenproposedin [33]. A very recentfuzzy approachfor imageretrieval on thebasis

of color featuresis presentedin [34]. A fuzzycolor is proposed,by usinglinguistic labels

for representingthe color informationin termsof hue,saturationandintensity. Manip-

ulationof fuzzy objectsin anobject-relationaldatabasesystemis alsoprovidedin [138]

for handlingflexible querieson thedatabase.An imageretrieval systemBasedon Fuzzy

Color HistogramProcessingis proposedin [212]. A fuzzy color histogrambasedimage

retrieval systemis proposedin [79] to addresstheconcernslike, thesensitivity to noisy

interferencesuchasilluminationchangesandquantizationerrors.Theapproachpresents

a new color histogramrepresentation,calledfuzzy color histogram(FCH), by consider-

ing thecolor similarity of eachpixel’s color associatedto all thehistogrambinsthrough
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fuzzy-setmembershipfunction. Betterresultshave alsobeenshown usingthis method,

thanusingconventionalapproachesof color histograms.The problemof discretization

in digital spacehasbeenhandledwith fuzzysettheoreticapproachin [186]. Themethod

presentsseveralmeasurementson digitized2D and3D objectswith fuzzy borders.The

performanceof surfacearea,volumeandroundnessmeasureestimatorsfor digitizedballs

with fuzzyborders,areobtainedfrom fuzzysegmentationof objects.Themethodis used

asbetterestimateof analogousquantitiesof the correspondingreal objects,than those

obtainedfor, crisply segmentedobjects. An imageretrieval system,posingqueriesat

semanticlevel is proposedin [104]. The methodproposesa novel fuzzy approachfor

mappingthefuzzydatabasewhile extractingthecolor featuresfrom imageandassigning

theweightsto this fuzzycontentwhencalculatingthesimilarity betweenthequeryimage

andtheimagesin database.

1.3.3 Scopeof the thesis

The objective of the thesisis to developsomesuitablelow-costfeatureextractionalgo-

rithmsfor specificapplicationin Content-BasedImageRetrieval. Emphasishave mainly

beenmade,on developingappropriatemethodologiesusingsoft decisionmakingwith

FuzzyLogic, in thefeatureextractionandfeatureevaluationmodulesin orderto handle

certainimprecisesituationswhichareaddressedin Chapters1, 2, 3, 4.

Waveletshave beenrecentlyusedasa powerful tool for extractingsignificantfeatures

both in spatialandfrequency domain. Therearevariousapplicationsof waveletsin the

areaof textureanalysis[106], [6] suchasdocumentimageanalysis[5], remotesensing

images[7], applicationsin theareaof datahiding[129],etc.It hasbeendecided,to choose

waveletsfor exploring its suitability for extractionof featuresin CBIR applications.Use

of waveletpacketsfor segmentingimagesinto homogeneousregionshavebeenexplored.

SomeFuzzyTopologicalpropertieshavealsobeenconsideredto capturethespatialrela-

tionsbetweenthesegmentedregions.Thesepropertiesareusedto characterizeanimage

in chapter5.
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SupportVectorMachinesarewidely usedin variousapplicationdomainssuchaspattern

recognition,datamining[158], [142] imageprocessingetc.[143] for its implicit learning

capabilities.Supportvectormachinehasbeenusedasatool for applicationin imagepro-

cessing.Thishasbeenusedin extractionof graylevel cornersin chapter3.

The organizationof the thesisis depictedin the flow diagramof Fig. 1.2 outlining the

contributionsof thethesis.Thedetailedresultsandinvestigationsaresummarizedunder

eachchapterheading.

1.3.4 A brief intr oduction about differ ent tools used in developing

algorithms

A brief discussionaboutFuzzylogic, Wavelets,SupportVectorMachines,whichareused

in differentstagesin developingthealgorithmshasbeenfurnished.Although,a detailed

discussionon the above- mentionedtopicsarebeyond the scopeof this work, only the

relevantportionsthatwill berequiredin therestof thethesiswill bediscussed.

Wavelet :

Thetermwaveletmeanssmall wave

Thebasicideaof wavelet transformis to representanarbitraryfunction }~�h��� asa setof

linear combinationof a setof waveletsor basisfunctions[130]. Thesebasisfunctions

are obtainedfrom a single prototypecalled Mother wavelet by dilations (scaling)and

translationcalledshift. Themotherwavelet is a prototypefor generatingtheotherwin-

dowedfunctions.Smallmeansthewindow of thefunction is of finite length(compactly

supported).Wavelet transformusebasisfunctionsto analyzeandreconstructa function.

Waveletcut up datainto differentfrequency componentsandthenstudyeachcomponent

with a resolutionmatchedto its scale.

Therearetwo typesof wavelet transform(a) Continuouswavelet transform(CWT)

(b) Discretewavelettransform(DWT)
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TheCWT is givenby,

�!� l��� �h�i� 	 �%D��=�� �3�i� 	 �~D *� 	 � �X�3�����;�
� �����	 ��]�� (1.1)

�N� translation	 � scaleparameter

�j�3��� is themotherwavelet.

It is necessaryto discretizethetransformfor computationalpurpose.Thefull discrete

waveletexpansionof asignalthatformsanorthonormalbasisfor { u ��� u � is givenas,

� y�� � D 	7� yH��u �j� 	 y���u ����67�n� (1.2)

Theeffectof discretizingthewaveletis thatthetimescalespaceis sampledatdiscrete

intervals. s is usuallychosenas2 and ��DZ* so that thesamplingof the frequency axis

andthetimeaxiscorrespondto dyadicsampling.

Multiresolutionanalysis(MRA) analyzesthesignalat differentfrequency with different

resolution. A brief descriptionaboutdyadicwavelet transformandpacket transformis

presentedin theAppendix.

Fuzzy Sets:

A fuzzy set � in a setof points �cD?� ��� is a classof eventswith a continuumof grades

of membership.It is characterizedby a membershipfunction ���X� � � which associates

a real number���X� � � �¢¡£-1�M*,¤ with eachelementof � . ���X� � � at � representsthe grade

of membershipof � in � . Formally, a fuzzy set � with its finite numberof supports
� d¥� �
u ��+.+¦+.� ��§ is definedasacollectionof orderedpairs

� = ���3���/� ��¨ �¥� ��¨ �¥�©|%D9*5�,ª1��+.+¦+.�©� � ,
wherethesupportof � is anordinarysubsetof � andis definedas« ����� = � � � � �¬� ��­ ]k���I� � �Ieq- � .
Here � ¨ Dc���I� ��¨ � , thegradeof membershipof ��¨ in � , denotesthedegreeto which

anevent ��¨ maybea memberof � or belongto � . It is to notethat � ¨ Dk* indicatesthe

strict containmentof theevent ��¨ in � . If, on theotherhand,��¨ doesnotbelongto � then

� ¨ D�- .
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Fuzzylogic is basedon thetheoryof fuzzy sets[216]. Unlike classicallogic, it aims

at modelingthe imprecise(or inexact) modesof reasoningandthoughtprocesses(with

linguistic variables)that play an essentialrole in the remarkablehumanability to make

rationaldecisionsin anenvironmentof uncertaintyandimprecision.Thisability depends,

in turn, on our ability to infer an approximateanswerto a questionbasedon a storeof

knowledgethat is inexact, incomplete,or not totally reliable. In fuzzy logic everything,

including truth, is a matterof degree. Zadehhasdevelopeda theory of approximate

reasoningbasedon fuzzy set theory. By approximatereasoningwe refer to a type of

reasoningthatis neitherveryexactnorvery inexact.This theoryaimsatmodelingthehu-

manreasoningandthinking processwith linguistic variablesin orderto handlebothsoft

andharddata,aswell asvarioustypesof uncertainties.Many aspectsof theunderlying

concepthavebeenincorporatedin designingdecision-makingsystems.

Becausefuzzy setsarea generalizationof theclassicalsettheory, theembeddingof con-

ventionalmodelsinto a larger settingendows fuzzy modelswith greaterflexibility to

capturevariousaspectsof incompletenessor imperfection(i.e., deficiencies)in whatever

informationanddataareavailableaboutarealprocess.Assignmentof membershipfunc-

tionsof afuzzysubsetis subjectivein nature,andreflectsthecontext in whichtheproblem

is viewed. It cannotbeassignedarbitrarily. In many cases,it is convenientto expressthe

membershipfunctionof a fuzzysubsetin termsof standard
«

and® functions[155]. It is

to notethatfuzzymembershipfunctionandprobabilitydensityfunctionareconceptually

different. Probabilitiesconvey information aboutrelative frequenciesof objectswhile

fuzzymembershiprepresentssimilaritiesof objectsto impreciselydefinedproperties.

Support Vector Machines:

SupportVectorMachinesareageneralclassof learningarchitectureinspiredfrom statis-

tical learningtheory, thatperformsstructural risk minimizationon a nestedsetstructure

of separatinghyperplanes[202]. A principlemethodfor choosinga learningmachinefor

a given task,is theessentialideaof structuralrisk minimization. Givena trainingdata,

theSVM trainingalgorithmobtainstheoptimalseparatinghyperplanein termsof gener-



1.3Moti vation and objectives 32

alizationerror. For a labeledtraining datasay, �5� ¨ �©¯ ¨�� , wherei = 1.... l, ¯ ¨ �J�1�°*5�1* � ,
� ¨ ��� x . Supposewe have somehyperplanewhich separatesthepositive from thenega-

tiveexamples(aseparatinghyperplane). Thepointsx which lie onthehyperplanesatisfy

w . x + b = 0, wherew is normalto thehyperplane,
�²±³�²´i�µ� � �µ� is theperpendiculardistance

from thehyperplaneto theorigin, and
�µ� � �µ� is theEuclideannorm of w. Let ]·¶B¸G��] � �

betheshortestdistancefrom theseparatinghyperplaneto theclosestpositive (negative)

example.Themargin of aseparatinghyperplaneis definedto be ]·¶¹��] � � . For thelinearly

separablecase,the supportvectoralgorithmsimply looks for theseparatinghyperplane

with largestmargin.

1.3.5 Chapter 2 : Image Retrieval Using EdgeBasedFeatures[19],

[18]

In Chapter2, A CBIR systembasedonfuzzyedgebasedfeatureshasbeenproposed.The

work hasbeenstartedwith the CBIR problemfor applicationin the caseof gray level

images. Among the variouslow level features,shapebasedfeatureshave good image

retrieval applications[30]. Imageretrieval usingedgebasedfeatureshavebeenproposed

in [42], [223]. However, the commonproblemin mostof the edgerelatedmethodsare

thatthefeaturesaresensitiveto noiseandtransformationslikerotation,translation,scale,

etc. Moreover, in CBIR theusersaremoreinterestedin retrieval of resultsaccordingto

similarity (closeness)thanequality(exactness).Also digital imagesareinherentlyfuzzy

in nature[200].

Motivatedfrom theseideas,fuzzysettheoreticapproachhasbeenadoptedfor appropriate

handlingof theuncertainties,arisingin thefeatureextractionprocess.

Thetaskinvolvesextractionof thecandidateedgepixelsfrom theborderregionsbetween

theuniform intensitysurfacestermedasPlateaus.Theextractedcandidatesareassigned

membershipvalues,by measuringthelocalcontrastin theneighborhood,in orderto char-

acterizeits edgestrength.Theedgepointsarecharacterizedasstrong,mediumandweak
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type basedon the assignedmembershipvalues. Thresholdingabove differentmember-

shipvaluesresultsin multilevel fuzzy edgemapconsistingof weak,mediumandstrong

edgepoints. FuzzyTopologicalfeaturesarecomputedfrom eachthresholdedplane,for

constructingthefeaturevector.

Thekey advantageof theproposedfeatureis thattheTopologicalfeaturescomputedfrom

eachplaneis invariantto rotation,translationandscalingby definition.Thelocalcontrast

informationis alsoembeddedin thefeaturevaluein additionto theshapeproperty. It is

expectedthatrelevant imageswould generatebetterresults,whenmatchedat eachlevel.

Euclideandistanceis computedbetweenthefeaturevectorsto evaluatesimilarity between

images.

Thealgorithmis testedwith differentqueryexamplesof grayscaleimages.Thealgorithm

performswell undertransformationslike rotation,translation,scaleandnoise.Thealgo-

rithm alsoworks fairly well in caseof retrieving logo imagesfrom (USPTO) trademark

databases.

1.3.6 Chapter 3 : Extraction of Gray Level corners : Perceptually

Significant Points of Inter est[15], [14], [17]

Chapter3, focuseson featureextraction.To achieve still betterrepresentationof images,

efforts have beenmadeto obtaina subsetof edgeswhich maybesalientandandrich in

structuralinformation.Pointshaving high curvatureon theplanarboundaries,which are

commonlyknown ascornerscanbe usedefficiently to representdifferentobjectsof an

image.Cornerscharacterizevisually significantportionsof animageandplay animpor-

tantrole in shapeperception.Featuresin thelocality of thecornerregionscanbeusedto

representanimage.

Classicalcornerdetectors[84] are mostly usedfor the purposeof characterizingim-

ages[121]. Classicalcornerdetectorshave somedrawbackswhen appliedto various

naturalimagesfor computationof local features,becausevisually significantpointsare
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notalwaysexactlyat cornersandthepositionof cornersmayalsovaryunderseveralreal

life situations.

Reallife imagedataarealwaysimprecisedueto inherentuncertaintiesthat arisein the

imagingprocess,suchasdefocusing,wide variationsof illuminations,etc. This results

into blurred,over exposedor underexposedconditions.As a result,preciselocalization

anddetectionof corneris difficult undervariousimperfectsituations. Motivatedfrom

theseideas,a fuzzysettheoreticapproachhasbeenusedfor developingthecornerdetec-

tion algorithm. Dominantcurvaturepointscanbe representedasentitiesof a fuzzy set

whereexactcornerpoint is alsoamember.

Theproposedmethodinvolvesextractionof thefuzzy edgemap.Thepointson theedge

maparecategorizedasstraightedgepoints,cornertypepoints,etc. taking into account

the variationsin the local propertieswith its neighbors.By applyingfuzzy ruleson the

categorizedpoints,thesignificantcurvatureregionsareseparatedout. Clusterof points

nearthecurvaturejunctionswereobtained,whosecentroidalmostdepictthetruecorner

point. Thesesetof pointsaretaken for computationof local featuresandconsideredas

thesourceof similarity evaluation.

Resultshave beenfoundsatisfactorywhentestedon imagesthathadundergonevarying

imaging conditionslike blurred, overexposed,underexposed,etc. The resultsare also

comparedwith standardalgorithmsof Harrisdetector[84] andSUSANmethod[190] to

prove theefficiency of theproposedfeatureextractionalgorithm.

Althoughtheproposedfuzzyrulebasedapproachpresentsasimplecornerdetectionstrat-

egy, it lackslearningcapabilities.In orderto incorporateimplicit learningcapabilityfor

obtaininggoodperformancefor awiderangeof images,aSupportVectorMachineis de-

signedusingthefuzzyedgemapasinput. Thecritical pointsin theclassificationproblem

correspondto thecornerpointsin theproposedmethod.
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1.3.7 Chapter 4 : Retrieval of Color Imagesusing Significant Fea-

tur es and their Evaluation with Fuzzy Model [16], [21], [23],

[22]

In chapter4,consideringtheextractedvisuallysignificantpointsbasedonfuzzyapproach

asobtainedin chapter3, a reducedrepresentative setof the original imageis obtained.

With anaimto enhancetheaccuracy for retrieval of relevantimages,theextractedcluster

of high curvaturepointsareconsideredfor computationof features.Naturalimagesare

mainly heterogeneous,wheredifferentpartsof the imagehave differentcharacteristics.

As a result,global featuresare inadequateto generatean effective representationof an

image. Local featuresaroundvisually significantpointscanbe usedfor generatingdis-

criminatingfeaturesfor imagematchingandretrieval applications[141], [121].

Consideringtheextractedpointsetasthereducedrepresentativeof theoriginal image,il-

lumination,viewpoint invariantcolor featuresarecomputedfrom theextractedlocations

of eachcomponentplanefor evaluatingsimilarity betweenimages.A relevancefeedback

mechanism,usingfuzzy entropy basedfeatureevaluationis providedfor interactive en-

hancementof retrieval accuracy. Theusermarksthesignificantandinsignificantoutcome

of theretrievedimages.Basedonthis feedback,individualfeaturesareweightedandnext

setof resultsareretrieved.

The performanceof the proposedmethodologyare testedon different type of images

from a generalpurposeimagedatabase.Theresultsobtainedfrom theproposedmethod

arealsocomparedwith theresultsobtainedfrom [51], [176]. Successive improvementof

theresultsafterrelevancefeedbackhasalsobeenchecked. Theresultsarealsovalidated

with MPEG-7standardvisualcontentdescriptors.
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1.3.8 Chapter 5 : Image Retrieval Using Wavelet BasedSegmented

Regionsand their FuzzySpatial Relations[20]

In chapter5, a region basedapproachfor imageretrieval hasbeenproposed.Although,

thefeaturescomputedfrom thevisually significantpointsof interestcanserve asa con-

siderablygoodmeasurefor capturingthesalientaspectsof an image,but to capturethe

propertiesof eachobjectand to generatea representationquite rich in semanticinfor-

mation,the objectsneedto be isolated. This requiressuitablesegmentationalgorithms

capableof segmentingtheimageinto individual regions.

An algorithmto segmentanimageinto fuzzy regions,basedon thecoefficientsof multi-

scalewavelet packet transformhasbeendeveloped. The featurescomprisethe colored

texture propertiesof the segmentedimageandthe spatialrelationshipbetweenthe im-

ages. The objective is motivatedtowardsbettercapturingof the semanticinformation

associatedwith the scene. It hasalsobeenshown that the systemperformsfairly well

whentestedon generalpurposeimagedatabase.Theresultsaretestedon variousexam-

ple images,andcomparedwith [176], [206] to studytheefficiency of thesystemin the

caseof retrieving semanticallyrelevantimages.

Conclusion

Theconcludingremarksalongwith thescopefor furtherresearcharepresentedin Chap-

ter6.

Appendix

In chapter7, Mathematicalanalysison waveletpacketsusedin theproposedfeatureex-

tractionhasbeendiscussed.



Chapter 2

ImageRetrieval Using EdgeBased

Features

2.1 Intr oduction

Thecommonproblemin ContentBasedImageRetrieval (CBIR) is selectionof features.

Imagecharacterizationwith lessernumberof featuresinvolving lowercomputationalcost

is alwaysdesirable.Featureslike color, texture,shape,spatialrelationshipamongdiffer-

entobjectsandtheir combinationsaregenerallyusedfor thecomputationof multidimen-

sionalfeatures[78]. Edgeis astrongfeatureusedfor characterizingtheshapeof different

objectswithin animage.Therefore,investigationof a CBIR systemwhereedgefeatures

areconsideredfor retrieval purposemayleadto animportantresearchissue.

In this chapter, an imageretrieval schemeusingedgebasedfeatureshasbeenpro-

posed.Applicationof theproposedmethodhasbeenmadeto retrieve gray level images

and logo images. Imageretrieval basedon matchingbetweenshapes,is broadlyclas-

sified asregion basedandboundarybasedmethods.Someof thesemethodshave been

discussedin Chapter1. Region basedmethodsmostly segmentan imageinto different

homogeneousregions,wherethe regionsmay correspondto differentobjectswithin an

image.Suchpre-segmentationis necessarywheneverasceneis characterizedby different
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objectsin it. However, segmentationbecomeslessimportantwhentherearelargenumber

of fragmentedobjectsin asceneor nospecificobjects.In regionbasedsegmentation,the

costof computationdependsuponthemethodused,whereasaccuracy dependsuponthe

apriori informationof the total numberof classespresentin thescene.Boundarybased

methodsutilize thepropertiesof boundariesfor characterizinganimage.

As analternative to segmentationanddetailedobjectrepresentation,theobjective of

researchpresentedis this chapter, is to developnew algorithms,which explorestructure

of differentobjectsin animage.A techniquefor extractingedgemapof animageis pro-

posed,whichis followedby computationof Topologicalfeature(likefuzzycompactness).

This globalfeatureincorporatesgraylevel aswell asshapeinformationof theedgemap,

which is subsequentlyusedin imageretrieval applications.

From the available literaturein CBIR it is seenthat, therearemethods[91], [223],

[205] in whichedgepointsof ascenecanbeusedfor indexing images.Edgescharacterize

gray level discontinuitiesof an image.Edgesthatappeardueto discontinuitiesbetween

theregionsaregenerallyof strongvalue.Edgesthatappeardueto variationwithin regions

or dueto defectsof imaginggiveriseto weakedges.Regionboundariesarecharacterized

by strongedgesandapproximatelyrepresenttheshapeof theregions. Usingdirectional

histogramof edges,JainandVailaya[91] proposeda techniquefor shapecomparison.

However, histogramsarenot alwaysvery discriminative featuresfor comparingimages,

becausedissimilarimagesmayalsogiveriseto similarhistograms.Ravelaet.alproposed

a methodto characterizevisual appearancefor determiningglobal similarity in images

with geometricfeatures[171]. Zhou andHuang[223] proposedstructuralfeaturesex-

tractedfrom edgemapsfor CBIR. Histogramof blurredimagesarealsousedfor defining

shapefeaturesbecausethesearestrongly influencedby the original shapesof different

regions in it [58]. Bruno et al., [38] definedmultiscalefamilies of featurecalculated

from the convolution of the input imagewith a setof multiscaleGaussianfunction. A

recentwork onedgeextractionhasbeenreportedby Changetal., [46]. In theirapproach,

the edgeorientationof eachblock in DCT domainhasbeenclassifiedin total five di-
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rectionaledgepatterns,which aresubsequentlyusedin imagematchingapplications.A

recentshape-basedimageretrieval methodusingsalientedgeshasbeenproposedin [81].

Theparametricedgedescription,usinggeneralconstructionof functionswhosemoments

serve to locateandcharacterizestepedgeswithin an imagehasbeenproposedin [163].

Usingedgedetectionmethod,Wanget al., [205] presenteda techniquein whichedgesof

the imagescanbe extractedby wavelet transform. The edgeimagesarethenclassified

basedon theinvariantmoments.

Although minimum numberof featuresarealwaysa desirablepropertyfor charac-

terizing images,but singlefeaturemaynot be sufficient for achieving desiredaccuracy.

Color andtexturebasedsimilarity measureswithout shapeinformationmay fail to pro-

ducedesiredresults. Imageretrieval only on shapeinformation is difficult, in casethe

objectsareoccludedor having differentprojectionsontodifferent2D planes.Sensitivity

to noisemayevencauseinaccuracy in shapedescription.In CBIR, shapeinformationis

generallycombinedwith other featureslike, gray level information,color, texture, etc.

for characterizingan image. Combiningshapeandcolor in invariantfashionhave been

reportedin [70]. Achardet al., proposeda shapebasedfeaturecombininggray level in-

formation[2] by thresholdingtheimageatdifferentgraylevel. Compactnessof theobject

is computedover eachgraylevel for shapecomparison.This methodis computationally

veryexpensiveandcostis proportionalto thenumberof graylevelsconsidered.

One importantaspect,which needto be addressed,is how to model the vagueness

that is usuallypresentin theimage.As a result,thetrendin CBIR researchis to develop

efficient featuresfor simplercharacterizationof imagesandrelatedmatchingtechniques

so that it canhandlereal life images[187], [78]. Real life imagesareinherentlyfuzzy

dueto several uncertaintiesarisingin the imagingprocess[200]. Moreover, measuring

visualsimilaritiesbetweenimageshighly dependuponsubjectivity of humanperception

of imagecontent.As a result,fuzzy imageprocessingfor extractingvisual featuresfind

an importantplacein imageretrieval applications.It is desirablethat, the selectedfea-

turesshouldnot becomputationallyexpensive, shouldbenoisetolerantandinvariantto
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rotation,translation,scaling,etc.

Motivatedfrom theseideas,a new featureextractionalgorithmhasbeendeveloped,

which exhibits someof the mentionedproperties. The proposedfeaturegeneratesan

overall descriptionof an image,consideringsignificantinformation of the edgemaps.

Using theseedgemaps,the issueof evaluatingoverall similarity betweenreal images

without segmentingtheimageshasbeenaddressed.Theperformanceof thefeatureshas

alsobeentestedon imageshaving objectsof regularshapese,g. (logo imagesof USPTO

database).

The remainingSectionsare organizedin the following way. Section2.2 describes

briefly the mathematicalmodel usedin this work. Section2.3 representsthe detailed

methodologyof theproposedalgorithm.Section2.4dealswith theimplementationdetails

of thealgorithmicsteps.Theexperimentalresultsarediscussedin Section2.5. Section

2.6givesaconclusion.

2.2 Imagepropertiesusedin proposedfeatureextraction

In real life images,inherentfuzzinessmainly arisesdueto differentimagingconditions.

Evenfor perfectlyhomogeneousobjectsthecorrespondingimageswill havegradedcom-

positionof gray levels [200] dueto imperfectionof imaging. As a result,uncertainties

exists in locating the exact position of the boundarywhich separatesdifferent objects

within an image. Thesevaguenessarerequiredto be modeledin the featureextraction

process.

Thebasisstepsinvolveextractionof thepossibleedgecandidatesusingtheconceptof

Top andBottomof theintensitysurfaceof asmoothenedimage.Theextractededgecan-

didatesareassignedgradientmembershipvalueto characterizeits edgestrength,within

the rangeof (0.0. to 1.0). This is doneby measuringthe relative intensitydifferences

over a smallneighborhood,arounda pixel. TheselectedpointsarecategorizedasWeak,

MediumandStrongedgepixelsbasedon their gradientmembershipvalues.Multilevel
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thresholdingis performedto segregatetheedgepixels. As a result,fuzzy edgemapsare

obtainedwhichconsistof differenttypeof edgepixels,atdifferentthresholds.Intuitively

it appearsthat morerealisticmatchingbetweentwo imagesmay be obtained,whenthe

quantitative informationasobtainedfrom differenttypeof edgesmatchsimultaneously.

The featurevectorelementsincludefuzzy compactnessvalueof the edgemapobtained

at differentlevels. This featureis invariantto Rotation,TranslationandScalingby defi-

nition. Thedissimilaritiesbetweentwo imagesareevaluatedby measuringtheEuclidean

distancebetweenthefeaturevectors.

In thefollowing subsection,variousmembershipfunctionsusedin fuzzysettheoretic

approachandsomeof thefuzzy geometricalpropertieswhich areusedin theprocessof

featureextractionwill bediscussedin brief.

2.2.1 Imageasfuzzy sets

An imageX of º  \» dimensionandL levelscanbeconsidered[216] asa fuzzysubset

�X¼ in a spaceof pointsX= �5� � . Eachpoint in X canbe characterizedby a membership

function ���X�3�½# x � which can have a value in the interval [0,1]. ���X�3�½# x � denotesthe

degreeto which anevent �½# x belongto � .

� = ���3���/�h�½# x ���©�½# x¾�/¿ DW*5�,ª1��+.+¦ºE� ­ DG*5�5ª1�5+¦+.» where-!ÀE���I�h�½# x �XÀ9*,+.- .
This kind of imagerepresentationis useful in handlingthe uncertaintiesarisingout of

gray level aswell asspatialdigitization[155]. A fuzzy subset( � ) is definedin termsof

themembershipvaluesbetween[0-1].

Oneof themostwidely usedmappingfunctionto do fuzzificationfor convertingadigital

imageto correspondingfuzzysubset� is thestandardS typeor Á typefunction.

TheStandardS-typefunctionis givenby

« �3��Â � � ± � 
 �PD - �RÀ �
D ª! ���Ã � � ^,ÄÃ � � ^,Ä

� u � ÀF�RÀ ±
D *��Eª8 �� Ã � � �_ÄÃ � � ^5Ä

� u ± ÀF�RÀ 

D * �R$ 


(2.1)
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where,b = (a+c)/2

Fig. 2.1 shows its graphicalrepresentation,wherethe parameter
±

is the crossover

point,i.e.,S(b;a,b,c)=0.5.Similarly 
 is definedastheshoulderpointatwhich
« � 
 Â � � ± � 
 � =1.0

and � is thefeetpoint i.e. S(a;a,b,c)=0.0.

TheStandardÁ functionis givenby

Áj�3��Â ± � 
 �PD « �3��Â 
 � ± � 
 � ±�´ ª1� 
 � �ÅÀ 

D *~� « �3��Â 
 � 
 ¸ ±�´ ª1� 
 ¸ ± �k�Å$ 
 (2.2)

It shouldbementionedthattheassignmentof membershipis subjective in natureand

reflectsthecontext at which theproblemis viewed. Otherform of membershipfunction

which is exponentialin natureasgivenin [155] is expressedasfollows :

�=�3���%D�ÆÈÇ�Éj¡£�!]½�hÊË� � �¥¤ (2.3)

whered(X,C) is thedistanceof anelementwith featurevector Ê DÌ¡ �Íd¥�_� u ��Î
Î
În�©� x ¤
from a prototype

� D4¡ 
 d©� 
_u ��Î
Î
În� 
_x ¤ of a classand ]½�3ÊR� � �/$J- . Theavailability of the

mathematicalfunctiondependsuponthenatureof theprototype.Theform of exponential

typefunctionis shown in Fig. 2.2(a),(b).

fuzzyalphacut : A fuzzy subsetcanbedividedby suitablethresholdingof member-

shipvaluesaroundtherangeof interest.Thefuzzy alpha-cut,	�Ï comprisesall elements

of X, whosedegreeof membershipin
«

is greateror equalto Ð where

	�Ï DJ�5�Ë�rÊÒÑM���/�h���X$JÐ � (2.4)

where-!ÀJÐËÀ9*5+3-

Fuzzy geometricalproperties

Rosenfield[173] proposedcertainGeometricalpropertiesbasedonfuzzysettheoretic

approachfor characterizingregionsof an image. Of themtheconceptof connectedness

hasbeenusedin ourexperiment.
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Degreeof Connectedness: let � bea mappingfrom S into [0,1] i.e., a fuzzy subset

of S. Let Ó¬Ñ%�YD?g1Ô
�©g�d¥��+.+¦+�Î
Î
ÎÈg x DfÕ be any pathbetweentwo points(P,Q) of S. The

pathstrength	�Ö �3Ó�� of Ó with respectto � is definedas

	�Ö �hÓ��ID ×`Ø¦ÙÔ�Ú ¨ Ú x ��Û'�hg ¨ � (2.5)

TheDegreeof connectednessof P andQ with respectto � is definedas

� Ö ���%��Õ��~DU×`Ü,ÇÛ � 	�Ö �3Ó��©� (2.6)

wheremaxis takenoverall pathsfrom Pto Q.

Proposition: If � is into [0,1] and �1� � �?� « and�t�3gi�>Dk* � then �=�3Ó��tDA* consists

entirelyof pointsof S and
� Ö ���%��Õ��=DÝ* if thereexistsa pathfrom P to Q all of whose

pointsaremappedto 1 by somepropertyin � . This conditiongeneralizesthenonfuzzy

conceptof connectedness[155].

FuzzyCompactness:

For a º  �» , ��# x arraythefuzzycompactnesscomp(� ) is definedas[156].


�Þ�¿ g��3�~�%D � �h�~�
g u � (2.7)

where � �h�~� and gß�3�~� arethe fuzzy areaandperimeterof �3�~� . Where � �3�~� and gß�h�~� are

givenby eqn.2.8and2.9

� �3���~D # x ��# x (2.8)

gß�3���~D
à
#Xáid

â � d
x áid

� ��# x ����# � x ¶id � ¸
â
x áid

à � d
#Xáid

� ��# x �\��#/¶id � x � (2.9)
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For exampleweconsidera4x4 ��# x array.

- - - -
- Ð ã -
- - ã ä
- å - -

here � �3�~�8DæÐR¸Uª,ã�¸Fä<¸Jå and gß�h�~�jDç¡²ÐR¸ � ãè�JÐ � ¸Cãè¸éã¬¸ � äË�Fã � ¸Uå�¸
å�¤¾¸c¡£Ðr¸QÐr¸Qåb¸�ãÅ¸�-�¸èãÅ¸¬äN¸¬äß¤ where Ð¹�©ãX�©äÍ��å arethemembershipvalueswith

*b$0Ð¹�©ãX�©äÍ��å�$U-

2.3 Proposedtechniquefor CBIR

The proposedfeatureextractiontechniquecould be explainedusingthe building block

shown in Fig. 2.3. Thealgorithmicstepsinvolve extractionof possibleedgecandidates,

whichareobtainedby employing thepropertiesof Plateaus.Theextractedcandidatesare

assignedmembershipvalues,��#������ and��&·����� . Thememberships��#8����� and��&'����� are

usedto estimatetheedgestrengthandconnectivity respectively, which in turnareusedto

handletheuncertaintiesin determiningthestrengthandlocationof theedgepoint.

The formulationsanddefinitionsusedin thefeatureextractionprocessaredescribed

in thefollowing subsections.

2.3.1 Identification of extremas

PlateauTop and PlateauBottom :

Edgesin an imageare the transitionsbetweentwo uniform intensitysurfaces. The

uniform intensitysurfacesaredefinedin termsof Plateaus. Plateausaredefinedascon-

nectedsubsetsof uniformintensitypixels.Thisdefinitioncanbetakenasthespecialcase

of fuzzy plateausintroducedby Rosenfield[173].

Plateau: Let
« d denotethesetof all pixelsin animage.ThepixelsP,Q � « d . By a
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plateauin
« d , is meanta maximumconnectedsubset

«iê
on which the intensity(I) hasa

constantvalue.In otherwords
«iê � « is a Plateauif

(i)
«iê

is connected.(ii) ë½�����~D�ë���Õ�� for all P,Q � «iê (iii) ë½������ìDJë½��Õ�� for all pair of

neighboringpoints �U� «iê and Õ ´� «iê
Clearly �U� « belongsto onePlateau.

We call thePlateau
«iê

a Top if its grayvalueis a local maximumi.e. ë½������$fë½��Õ��
for all pairsof neighboringpoint �æ� «iê and Õ ´� «iê . Similarly we call

«iê
a Bottom

if its gray value is a local minimum. The gray valuesof all elementsof Plateau Top

is greaterthan the gray valueof any elementof the borderand the gray valuesof any

elementof a PlateauBottom is lessthangrayvaluesof theborder. Let
«iê § bea Plateau

Topand
«iê � aPlateauBottom.Thepixelsin borderregionB(

«iê § , «iê � ) betweenaPlateau

TopandPlateauBottomcanbedefinedasthepointswhichareeightneighborsof at least

oneelementof
«iê § , «iê � . Consideringa �� �� neighborhoodarounda pixel, UmaShankar

et.al proposeda methodfor characterizingextremecomponentsof an image[49]. The

pixels are labeledaspelsof a (a) Plateau Top for which the pixel is greateror equal

to maximumin its �  è� neighborhood(b) PlateauBottom for which pixelsarelessor

equalto minimumin its �j è� neighborhood.(c)TheremainingpelsareCandidate pels

for forming fuzzygradientmap.

Employing thementionedproperties,thecandidateedgepixelsareextracted.

ª V @
� í K
2 2 2

PlateauTop

V ª �
2 î �
: V ª

PlateauBottom
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ª V @
V í S
K K S

Candidatepel

2.3.2 Membership formulation

Membership function ��#!����� for determining fuzzy gradient map :

The modifiedform of membershipfunction of eqn. 2.3 hasbeenusedto dealwith

this problem.Theborderregion of theplateausof theblurred(Gaussian)imageis taken

as input for finding the fuzzy gradientmapandthe total dynamicrangeof 0 to 256 is

considered.

Aroundeachcandidatepixel, theneighboringpixelsaresituatedin eightdistinctdi-

rectionsat a stepof 45 degrees.The line joining two oppositepixelswhich makesfour

distinctlinesareconsidered.Thegradientmembershipfunctionfor anedgepoint is given

in equationbelow.

��#!�����~DU6�#NÆÈÇoÉß���t��� (2.10)

ConsideringFig. 2.4,if ]�^_� is thegrayleveldifferencebetweentheoppositeneighbors

aboutthecandidatepixel in adirectionsay, (0,4)and ]�^_ï is thegraylevel differencein the

perpendiculardirectionsay(2,6) then �¬D d�¶M&�ðHñd�¶M& ðHò . We computetheratiossay(�Íd , � u , � v ,
��ó ) in four directionpairswhichareexplainedbelow.

In a window of eight neighborhood,an edgepixel will have maximumgray level

differencein a direction, perpendicularto its true edgedirection. The edgedirection

shouldpointalongtheminimumdifferencedirection[75].

Let ë©# x bethegray level of thepoint P(m,n). If ]�^©ï�D � ë©# � x � dÍ�që¥# � x ¶id � then ]�^©��D� ë©# � d � x ��ë©#/¶id � x � vice-versaasshown in Fig. 2.4. Thevaluesof (�Íd , � u , � v , ��ó ) maybe

obtainedfrom thelocalneighborhoodof �8 \� window asfollows : �Íd = d�¶iô õ�ö�÷ ø�ù³ú � õ�ö�÷ ø¥û1úHôd�¶iô õ�ö�ùTúü÷ ø � õ�öiûMúü÷ ø
ô ,
� u = d�¶iô õ�ö�ùTúü÷ ø � õ�öiû1úü÷ ø�ôd�¶iô õ�ö�÷ ø�ù³ú � õ�ö�÷ ø�ûMú�ô , � v = d�¶iô õ�ö�ù³úü÷ ø�ù³ú � õ�öiûMúü÷ ø¥û1ú�ôd�¶iô õ�öiûMúü÷ ø�ù³ú � õ�ö�ùTúü÷ ø¥û1úHô , ��ó = d�¶iô õ�öiûMúü÷ ø�ùTú � õ�ö�ùTúü÷ ø�ûMúHôd�¶iô õ�ö�ù³úü÷ ø�ù³ú � õ�öiû1úü÷ ø�ûMúHô
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Themaximumvaluecomputedfrom the four directionpair is usedto computegradient

membershipof thecandidatepixel.

�RD ¿\� �X¡ �Ídý�©� u �©� v �_��ó�¤ (2.11)

The value of 6�# can be estimatedfrom the following condition. Since ��#������ is

rangingbetween[0,1] thereforetheminimumvalueof ]�^©ï½DU- andmaximumvalueof ]�^©�
say(L) shouldmapthemembershipvalueto 1. Dif ferentvaluesof L shouldgive rise to

differentvalueof 6�# hencedifferentcrossover point i.e., (��#�������DW-1+3: ). Thestrongest

edgepixel at any point (m,n) is supposedto possessgray level difference( 256 in one

directionandnearlyzeroin its perpendiculardirectionandtheedgeshouldpointsalong

theminimumdifferencedirection.Putting ]�^_�IDUªT:M: and ]�^©ï½DU- in eqn.2.10valueof 6�#
obtainedis ( 1.0039. Higher membershipvaluescharacterizestrongedgepixelswhile

lower membershipvalueswill characterizeweakedgepixels. This hasbeendepictedin

themultilevel plot asshown in Fig. 2.6. Changingthevalue 6�# by a factoris in effect

changingthepixel contrast[155] i.e., transformingthemembershipvalue.

It hasbeenmentionedin section2.2.1thatthechoiceof membershipfunctionis prob-

lemdependent.Here,amonotonictypeExponentialfunctionhasbeenchosenfor suitable

representationof theambiguitiesof theset,computedfrom graylevel contrast.With such

selection,thenatureof thecurve is not verysteepin therangeof interest,suchthatsmall

variationin graylevel difference,maynotresultin largevariationsof membershipvalues.

Membership function ��&'����� for determining connectednessof the edgepoints :

The membershipfor connectednessis also representedby an exponentialfunction.

We considera º  �» , ��#������ array. In theneighborhoodof a pixel p(m,n)if thereexits

apixel gß� ¿ ¼ � ­ ¼ � suchthat,

� ��# x �"��#¹þ x þ � ÀFl (2.12)

areconsideredsimilar in magnitude.Here,T is thenon-negativethreshold.Again if,
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� �
­�ÿ � ¿ � ­ ��� ��­oÿ � ¿ ¼ � ­ ¼ � � ÀJ� (2.13)

areconsideredsimilar in direction[75]. Here,A is theanglethreshold.Thesetwo prop-

ertiesarecombinedto link similar pixelsandthedegreeof linking is expressedby a new

membershipfunctionasexpressedin eqn.2.14.

The numberof pixels possessing��#������ above somethresholdvalue ( $L-1+3: ) and

ÀA*,+.- andsimultaneouslyhaving directionswhich didn’t differ morethan45 degreein a

neighborhoodof �� \� or :� \: window sizearecounted.Themembershipfunctionis of

theform.

��&'�����~DU6�&ßÆÈÇ�Éß���b��� (2.14)

where�<D dx d�¶ x�u ¶ x,v
n1denotesis thenumberof edgepixelspossessingsameangleto thatof thecandidate

pel,n2is thenumberof edgepixelshaving +45degreedifferencewith thecandidatepixel,

n3 is the numberof edgepixels having angle-45 degreedifferencewith the candidate

pixel. The valueof 6�& is estimatedby the maximumnumberof connectedpixels say

K, alongany of the four directionswithin the definedwindow. With �JD d� mapsthe

membershipto 1. Changingthevalueof 67& will in effectchangethenumberof connected

pixelsovera definedwindow.

Similarity metric

Euclideandistancemetricis usedto computethedissimilarityvaluebetweentwo feature

vectors.If ÊLD4¡ �Íd��_� u ��Î
Î
În�©� ¨ ¤ and
� DY¡ ¯�d©�©¯ u ��Î
Î
În�©¯ ¨ ¤ aretwo featurevectorsthenthe

EuclideandistancemetricbetweenX,Y is givenby,

� &�D �3� ¨ �"¯ ¨ � u (2.15)
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Figure2.3: Flow chartfor proposedfeatureextraction.
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Figure2.4: �j "� neighborhoodof thecandidatepixel.

Performanceevaluation

To evaluatetheperformanceof retrieval thestandardretrieval benchmarkssuchasRecall

rate andPrecisionrate [30] areconsidered.Let ­ d bethenumberof imagesretrieved

in top 20 positionsthatarecloseto thequery. Let ­nu representthenumberof imagesin

thedatabasesimilar to thequery. EvaluationstandardsRecall rate , Precisionrate are

definedasfollows :

� �

������?� � � � D x úx��  E*,-M-	� (2.16)

� � �

 | 	 | Þ�­ � � � � D x úu Ô  E*�-M-	� (2.17)

2.3.3 Building block

Differentstepsinvolved in generatingthe featuresareexplainedin the following para-

graphs.

Theintensityimagematrix ë½� ¿ � ­ � is convolvedwith Gaussianfunctionandresulted

into to ablurredimagematrix ë©�
� ¿ � ­ � .

ë¥��� ¿ � ­ �~DUë�� ¿ � ­ ��

�°�3�ß�©¯�� (2.18)

where �°�3�ß�_¯o�°D d� u���� � � � � ¶	� �u�� � where � effectively determinesthe window sizeof the
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filter which in turn determinesthedegreeof smoothing.Theblurredimagepreservesthe

original shape.By Gaussianfiltering, a part of the intensity is distributedto the neigh-

borswhile preservingthe edgeinformation. The borderregion which characterizesthe

transitionbetweentwo uniformPlateauscanbedeterminedfrom theblurredimage.

Thebasicstepsinclude,finding thetransitionbetweenthePlateauregionsconsisting

of the possibleedgecandidates�o� which actsasan input for finding the fuzzy gradient

map.Thepointsof this regionarecharacterizedby ��#!����� representingtheedgestrength

in theinterval [0,1] shown in eqn.(2.19).

	�x DJ���h��#t���o�©� � (2.19)

The gradientmap ��#������ is thresholdedat different levels using ( Ðè� 
�� � ) [155]

with membershipvaluesgreaterfrom 0.5 onwards. Let thecandidatesof themultilevel

gradientmapberepresentedby theequationgivenbelow.

	�x5Ï DU�����U� 	�x ÑM��#������%$JÐ � (2.20)

where-M+.:!ÀJÐËÀ9* .
Now 	�x,Ï is takenasinput to find out therefinededgemapusingthenotionof highest

connectivity which resultedin a subset	�� x,Ï asshown in eqn.2.21.Pointswhich arepre-

servinghighestconnectivity within adefinedwindow areextractedusingthemembership

function ��&'����� shown in eqn.2.14.

	��µx5Ï DU���3�R� 	�x5Ï ÑM��&'�����%$JÐ �H� (2.21)

where, Ð ¼ is ( 1 to changethedegreeof connectivity betweentheadjacentpixels to the

highestvalue.(propositionof eqn.2.6).

Fuzzycompactnessfeaturecomp(� ) is computedon 	�� x,Ï usingeqn.2.7.
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2.4 Algorithm and Implementation details

Algorithm

Step1: Gaussianfiltering is performedon theimage.

Step2: Eachpixel is labeledas(a) PlateauTop or maximaor (b) PlateauBottomor

minimaor (c) Candidatepel

Step3: If the labeledpixel is a candidatepel, its gradientmembershipvalue ��#������
andits edgedirectionis estimated.The pointsthresholdedabove differentmembership

values(��#������%$J-1+3: ) areselected.

Step4: Candidatepixelssimilar in edgemagnitudeanddirectionarelinked.

Step5: Fuzzycompactnessfeaturevectoris computedfrom theedgemap.

Step6: Euclideandistanceis computedbetweenthe featurevectorelementsof the

queryimageandimagesin thedatabaseandrankedaccordingto distance.Theresultsof

fuzzyedgemapextractionareshown betweenFigs.2.9-Figs.2.12.

Featurevector elementscomprisingof [ 
,Þý¿ gß�h�Id©��� 
,Þý¿ gß�3� u ��� 
�Þý¿ gß�3� v � ] are com-

putedusingeqn.2.7.

Performanceusingdifferentsetof features,hasbeenstudiedby transformingthevalues

of ( 6�# ) andvaryingthewindow size,to estimate6�& , asdiscussedin subsection2.3.1.

Features

Theschematicdiagramfor featureextractionis shown in Fig. 2.3. Thefeaturesarecom-

putedasfollows.

Featureset(A) (for 6�# = 1.0039and �8 "� window sizeis usedto estimate6�& .)

,Þý¿ gß�h�Id¥� is computedfrom theedgemapby thresholdingat ��#������%$ 0.6.

,Þý¿ gß�h� u � is computedfrom theedgemapobtainedby thresholdingat ��#������%$ 0.7.

,Þý¿ gß�h� v � is computedfrom theedgemapobtainedby thresholdingat ��#������%$ 0.8.

This setof featuresarecomputedusingthevalueof 6�#F(Ì*,+.-M-T�MS asshown in eqn.2.10

andvalueof 6�& is determinedfrom eqn.2.14over �j Å� window size.

usingfeaturesetA, the gradientmapsof Fig. 2.5(a),(b) areshown in Fig. 2.6(a),(b).

Therefinededgemapsof Fig. 2.5(a),(b) areshown in Fig. 2.7.Therefinededgemapsof
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thedeerandbird image,of Fig.2.8(a), (b) areshown in Figs.2.9(a),(b).

Featureset(B) : Thissetof featuresarecomputedasfollows :

�Þ�¿ gß�h�Id©� is computedfrom theenhancedmapthresholdedat ��#������%$ 0.8

�Þ�¿ gß�h� u � is computedfrom theenhancedmapthresholdedat ��#������%$ 0.9.

Using the valueof 6�#Y(Ò*5+�*,@ andvalueof 6�& asdeterminedfrom eqn.2.14over :° C:
window size,thefeatureelements
�Þ�¿ gß�h�Id¥� and 
,Þý¿ gß�h� u � arecomputed.

Theedgemapof Fig. 2.8(a)asobtainedusingfeatureset(A) is shown in Fig. 2.12(a).

Thatusingfeatureset(B) for 6�& estimatedover �° �� window is shown in Fig. 2.12(b)

andthatfor 6�& estimatedover :8 ": window is shown in Fig. 2.12(c).

�Þ�¿ gß�h� v � is computedfrom the edgemap obtainedby thresholdingat ��#!�����Å$ 0.7

with 6�#f(L*5+H*�@ and 6�& is determinedin �B C� window. In this case,only thosepixels

areselectedascandidateswhich arehaving otherpixelsin thedirectneighborhoodwith

gradientmembership��#������ greaterthan0.7.Theedgecandidatesof Figs.2.8(b)and(c)

areshown in Fig. 2.13.Thecandidateedgepointsasobtainedfor Fig. 2.5(a),areshown

in Fig. 2.14.

Although, threethresholdinglevelsof membershiphave beenselected,but variation

in selectionof thresholdinglevels will not changethe resultdrastically. Low, medium,

high typesof edgestrengtharegroupedin threedistinctcategories.Valueof 67# and 67&
canbetunedto selectdifferentcandidatesbasedon theirmembershipvalues.

The retrieval performancewascheckedby alteringthevalueof 6�# and 6�& , resulting

into featuresets(A) and(B). Themotivationbehindchangingthevaluesof 6�# is to alter

the propertyof the membershipplane. This is requiredto emphasizethe importanceof

thedifferenttypeof categorizededgepoints( strong,mediumandweak). Increasingthe

valueof 6�# in effect, transformsthemembershipvaluesasshown in Fig. 2.2(b),where

the valuesof the strongor mediumedgepixels are increasedandwell separated.The

weakedgepixelsarelessincreasedin membershipvalues.However, theupperlimit of

valuesof ��#!����� arealwayskeptlessthan *,+.- . Similarly thevalues6�& varieswith different

window sizeandresultsin differentedgesetat thesamethresholdof ��#8����� . Theeffect
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on performancehasbeenanalyzedin section2.5.

Computationalcomplexity : The analysisof the computationalcomplexity (worst

case)involved in different operationsfor an imageof size º  Qº and with window

neighborhood»G B» , is explainedasfollows: 1. Identificationof borderregionsrequires

º u » u operations.2. Assignmentof ��������� involves � º u » u operations.3. Assignment

of ��&'����� involves �½º u » u operations.4. Thresholdinginvolves �½º u operations.5. The

total operationis of theorderof O(º u » u ).

2.5 Experimental results

Extensiveexperimentshavebeenperformedusingtwodatabasesof whichthefirstdatabase

consistsof 120 gray level images( ªM:T2) CªT:M2 ) of differentobjectsdown loadedmainly

from Googleengine(www.google.com),OlivettiFacedatabase

( � ����g[Ñ ´M´ }·��g�+ � 6�+ � �
	7�
��� 
,� + � ����+ 
�Þ�¿ Ñ�g � ±�´ ] � � � ´ � ��� } �'
��
	 +£� ��� +�� ) and somesyntheti-

cally generatedimages.Theimagesin thisdatabasearemainlyof singleobjectbothwith

texturedandnon texturedbackground.This collectionconsistsof dissimilar groupof

images,of which eachgroupis having somesimilarity within itself. Suchdatabasecon-

sistingof bothvisually distantsetof imagesaswell ascloselyrelatedimagesareuseful

in studyingthesystemperformanceproperly[147].

The seconddatabaseconsistsof the trademark and logo imagesof United States

PatentandTrademarksoffice (USPTO) consistingof 1053binary images. The images

areconvertedto gray level andreducedto ( ªM:M2B éªT:M2 ) for the experiment. The sizeof

theGaussiansmoothingfilter is fixedto 3x3pixelsandvalueof � to 1.5,usedto limit the

degreeof smoothingacrosstheedge.Theaveragecputimetime requiredfor computing

thefeaturevector( elementscomprisingof thefuzzycompactnessvalueat threedifferent

thresholds)is 95.60secs.Theexperimentis performedin ( SUN microsystemsUltra 60 )

systemusingMATLAB.

The experimentalresultsareshown from Figs. 2.6 to Figs. 2.22. Fig. 2.5(a) is a
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syntheticallygeneratedimageandits correspondingmultilevel gradientmapasobtained

from eqn. 2.10is shown in Fig. 2.6(a).Thenoisyversionof the imageis shown in Fig.

2.5(b). Thecorrespondinggradientmapis shown in Fig. 2.6(b). Figs. 2.7(a-c)show the

refinededgemapof Fig. 2.5(a)at differentthresholdwith ( ��#������>$?-1+321�5-M+.K1�,-1+.@ ). Fig.

2.7(c) is the refinededgemapof thenoisy imageof Fig. 2.5(b). FromFigs. 2.6(b)and

Fig. 2.7(c) it is seenthat theproposedtechniquehasconsiderablygoodnoisetolerance.

The aim of this work, is to selectsignificantcandidatesfrom the multilevel edgemap,

imagecontainingmeaningfulshapeandgray level information. The refinededgemaps

of thebird anddeerimageat ��#!�����b$?-1+32 is shown in Fig. 2.9andfor otherthresholds

in Fig. 2.10andFig. 2.11. As seenfrom Fig. 2.9(a),thatbesidetheedgepointsof the

object,lot of edgepointsaregeneratedfrom thebackground,which mayresultin a mis-

leadingcharacterizationof theobjectby edgemap.

To reducethe effect of the backgroundto someextent, a membershiptransformation

schemeis usedwith varying thevalueof 6�# of eqn. 2.10. This makesnonlinearinten-

sification of the edgemembershipvaluedependingupon the valueof 6�# . Two set of

experimentshave beenperformedto calculatefeaturevalues,featureset(A), featureset

(B) describedin Sec.2.4,by varyingvalueof 6�# andsizeof supportwindow for deter-

mining 6�& . Fig. 2.12(a)is obtainedat ��#8�����%$U-M+.@ usingeqn.2.10and 6�& evaluatedfrom

eqn. 2.14with featureset(A). Fig. 2.12(b)is obtainedby thresholdingat ��#�������$Y-1+3@
by choosing6�#k( *,+H*,@ and 67& evaluatedfrom eqn. 2.14. Fig. 2.12(c)is obtainedby

thresholdingat ��#8������$Ì-1+3@ by choosing6�#9( *5+�*,@ and 6�& evaluatedfrom eqn. 2.14

over :! Ë: window sizewith featureset(B). It is evidentfrom Fig. 2.12(a),thatat higher

thresholdmuchof thesignificantedgepointsarelost. Betterresultis obtainedfrom Fig.

2.12(b)which canbeexplainedfrom the following considerations.By suchintensifica-

tion of thepixels,highermembershipvaluesaremoreseparatedresultinginto betteredge

informationwhile rejectingsomeweaker edgepixelsresultedfrom weaktexturedback-

ground. This result is further improvedwhenlarger sizeof thesupportwindow is used

asshown in Fig. 2.12(c). Fromtheproposedalgorithm,it is observed from Fig. 2.6(a)
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thatpointsof thecurved regionsareof lower membershipvaluecomparedto thepixels

belongingto thestraightline. This propertyis usedto extractpointsfrom curvedregions

of theedgemap. In orderto extract significantedgepointsfrom high curvatureascan-

didates,thosepixelswhich areconnectedto strongerpixelsi.e.,pixelsof highergradient

membership��#������ valueover �! Å� window, areselected.Suchsignificantpointsof the

bird andelephantimageof Fig. 2.8arealsoshown in Fig. 2.13. Suchselectedpixelsof

Fig. 2.5(a)areshown in Fig. 2.14(a)andFig.2.14(b).In caseof Fig.2.14(b)somemore

pixels from sharpcurvatureareselected,by pushingdown the threshold��&'����� to 0.94,

thanin Fig. 2.14(a).Fig. 2.15(a)shows theoriginal image(bull imagefrom trademark

database).Theedgemapof therotatedbull imageusingfeatureset(B) is shown in Fig.

2.15(b),(c) respectively.

Featurevalues

Thefeaturevalues(fuzzycompactness) of Fig. 2.16arecomputedatdifferentthresh-

oldsto studytheinvariancepropertyof thefeaturewhich is usedfor characterizinganthe

image,in theproposedmethod.Thevaluesareshown in Table2.1. It is observedthatthe

compactnessvaluesobtainedfor thetranslatedandrotatedversion(90,180,270degrees)

give satisfactoryvalue. However, the valuediffersby someamountfor anglerotatedat

(30 degree). This canbe explainedfrom the fact that the popularimagerotationalgo-

rithmssuffer from digitizationerrordueto interpolation,therebyinfluencingthe feature

valuesasseenfrom Fig. 2.15(c).Thefeaturevalueof scaledversionis alsochangedby

someamountduethereasonmentionedabove.
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(a) (b)

Figure2.5: (a) Original image.(b) Noiseintroduced.

(a) (b)

Figure2.6: Multilevel gradientmap(without linking), (a) of Fig. 2.5(a)(b) for noisy

imageof Fig. 2.5(b)
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(a) (b) (c)

Figure2.7: Edgemapobtainedusingset (A) at ��#������ $ (a) 0.7 (b) 0.8 (c) 0.6 (noisy

image)and��&'�����%(Y*5+3- for all thethreecases.Candidatesplottedascrispedgepoints.

(a) (b) (c)

Figure2.8: Original images.(a) deerimagein texturedbackground.(b) bird image(c)

elephantimage.
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(a) (b)

Figure2.9: Edgemap,candidateswith ��#������%$U-1+32 and��&'�����%(Y*5+.- areplottedascrisp

edgepoints. (a) deerimage(b) bird image.Valueof 6�# = 1.0039and 6�& estimatedover

�8 "� window, set(A).

(a) (b) (c)

Figure2.10: (a) Original image. Edgemap obtainedat ��#!�����r$ (b) 0.7 (c) 0.9 and

��&'�����%(9*5+3- . Valueof 6�# = 1.18and 6�& estimatedover := : window, set(B). Candidates

plottedascrispedgepoint.
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(a) (b) (c)

Figure2.11: (a) Original image(noisybackground).Edgemapobtainedat ��#������/$ (b)

0.7 (c) 0.9 and ��&'�����j(ç*5+3- . Valueof 6�# = 1.18and 67& estimatedover :B C: window,

set(B).Candidatesplottedascrispedgepoint.

(a) (b) (c)

Figure2.12: (a) Edgemap,candidateswith ��#8�����8$æ-1+3@ and ��&'������(L*5+3- plottedas

crispedgepoints(a) with valueof 6�& estimatedover �j �� window, set(A). (b) Valueof

6�#WD *5+H*�@ and 67& estimatedover �B é� window. (c) 67#GDÒ*5+�*,@ and 6�& estimatedover

:8 ": window, set(B).



2.5Experimental results 62

(a) (b)

Figure2.13: Edgecandidateswith ��#!�����8$æ-1+3K connectedto strongerpixels in �) C�
window with 6�#FD9*,+H*,@ and 6�& evaluatedover �; Ë� window. (a)bird image(b) elephant

image.Candidateswith ��#������%$U-1+3K and��&'�����%(9*5+.- areplottedascrispedgepoints.

(a) (b)

Figure2.14: Edgecandidatesof Fig. 2.5(a)with ��#������)$Ò-1+.K connectedto stronger

pixelsin �/  � window with 6�#FD9*5+�*,@ and 6�& evaluatedover �/  � window. (a) ��#������%$
-1+3K and ��&'������$Y-1+3SM@ (b) ��#!������$9-1+3K and ��&'������$9-1+3SMV . Candidatesplottedascrisp

edgepoints.
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(a) (b) (c)

Figure 2.15: (a) Original image. (b) edgemap (c) edgemap of rotatedimage. Edge

candidateswith ��#������<$s-1+3K with 6�#ZD *5+�*,@ and 6�& evaluatedover �N �� window.

Candidateswith ��#������%$U-1+3K and��&¾�����%(9*,+.- areplottedascrispedgepoints.

(a) (b) (c) (d)

Figure2.16: (a) Original image(b) edgemap(c) edgemapof (30deg) rotatedimage(d)

edgemapof (90deg) rotatedimage.Edgecandidateswith ��#������%$0-M+.K , with 6�#ED9*5+�*,@
and 6�& evaluatedover �� Ë� window. Candidateswith ��#!�����%$U-1+3K and��&'�����%(4*,+.- are

plottedascrispedgepoints.
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Table2.1: Featurevalues

Image 
,Þý¿ gß�3�%d¥� 
,Þý¿ gß�3� u � 
�Þý¿ gß�3� v �
Fig.2.16(0 deg) 0.000184 0.000184 0.000129

Fig.2.16(translated) 0.000184 0.000184 0.000129

Fig.2.16(scaled) 0.000140 0.000140 0.000078

Fig.2.16(90deg) 0.000184 0.000184 0.000131

Fig.2.16(180deg) 0.000184 0.000184 0.000131

Fig.2.16(30deg) 0.000150 0.000134 0.000134

2.5.1 Retrieval results

Theimageretrieval experimentis performedby computingfeaturesseparatelyusingfea-

tureset(A) andfeatureset(B). A particularimageis selectedasqueryandbasedon the

Euclideandistancecomputedusingeqn.2.15theimagesarerankedaccordingto the in-

creasingorderof distance.Top twenty imagesareselected.Theseresultsareshown in

Figs.2.17to Figs.2.22.Here,theimagesarerankedleft to right, startingfrom thetop in

increasingdistance.

Retrieval of gray level images(database1)

The experimentalresultsareshown in Figs. 2.17,2.18and2.20. The usefulnessof

thealgorithmis demonstrated,in thecasesof findingimagesthoseappearvisuallysimilar

to aquery. Severalexamplesaredemonstratedfor findingsimilarscenes,similar facesor

objectsfrom thedatabase.

Fig. 2.17(a)andFig. 2.17(b)show theexperimentalresultswhenqueriedwith thegirl

image. It shouldbenotedthat thesystempresentedhereworkswell for facesusingthe

samerepresentationparameterswhich hasbeenusedfor othercases.Betterprecisionis

obtainedwith featureset(B) in which thestrongedgepixelsaremoreseparatedthanthe

weakpixelsby nonlinearintensificationof thepixels.
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Fig. 2.18(a)andFig. 2.18(b)show theexperimentalresultswhenqueriedwith thebird

image.Therotated,thenoisyimages,areretrievedatahigherrankandsomebackground

variationis toleratedalso.Betterprecisionis obtainedwith featureset(B) in this case.

Figs. 2.20(a)shows the resultsof the first twenty retrieved imageswith the query

imageon the top left corner. It is seenfrom Fig. 2.20(a)that the rotatedand scaled

versionof the image,the noisy versionof the imageare the candidatesretrieved at a

higherrank.

Fig. 2.20(b)shows theresultwhenqueriedwith a tiger in a texturedbackground.The

globalsimilarity measure(fuzzy compactness)workswell here.Theobject(tiger)in this

caseconstitutesa significantportion of the image. By non linear intensificationof the

candidatepixels theeffect of weaktexturedbackgroundis minimizedto someextent. A

goodprecisionis obtainedin this case.Fig. 2.19(a)and(b) presentthe retrieval result

for the samequeryof bird andgirl imageusingFourier descriptorof Canny [40] edge

detector. It is seenfrom the results,that the proposedmethodperform better in both

the cases.It is seenfrom Figs. 2.17,2.18and2.20, that therearefew otherdissimilar

imagesretrievedatanhigherrank.Suchresultscanbeexplainedconsideringthefactthat

a globalmeasure(fuzzy compactness)hasbeenusedfor computingsimilarity. As, fuzzy

compactnessis computedfrom theedgemapirrespectivewhetherthepixel belongsto the

objector background,the resultantcompactnessvaluecanhave contribution both from

theobjectandbackground.In case,whenthebackgroundis textured,contribution from

thebackgroundis morein comparisonto thecasewherethebackgroundis uniform. This

resultsin a higherdegreeof errorin computingthecompactnessof theobjectof interest.

Retrieval of trademarkimages(database2)

Fig. 2.21 andFig. 2.22 show the performanceof our algorithmon the trademark

images. It is difficult to judgethe relevancein caseof trademark imagesbecauseit is

difficult to judgevisuallysimilar trademarks.In caseof trademarkimages,coloror gray

level contrastinformationdoesnot play a usefulrole in distinguishingbetweenvarious

marks. The searchingof the trademark imageis basedmostly on the decisionof the
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shapeinformationpresentin thebinaryimages.

Fig. 2.21(a)shows theretrieval performancewhenqueriedwith theimageon thetop

left corner. Most of the retrieved imageshave almostthe samestructure.The first five

successive imagesdepictstherotatedversionof thequeryimage.It is seenthattheshape

characteristicsof theimageis adequatelycapturedby our approachin this case.

Fig. 2.21(b)shows theperformancewith thequeryimageon thetop left corner. The

translatedand the rotatedversionsof the imageare retrieved at a rank within the first

twentyretrievedimages.

Fig. 2.21(c)showstheperformancewith thequeryimageof abull’ shead.Theimages

rotatedat differentanglesareretrievedwithin thefirst twenty ranked images.However,

therearefew otherimagesretrievedat anhigherrank.

Fig. 2.22shows the performancewith the query imageon the top left corner. The

imagerotatedat differentanglesare retrieved at a rank within the first forty retrieved

images. However, certainimagesdiffering in shapewith the query imagebut having

approximatelyclosefeaturevaluearealsoretrievedat ahigherrank.

It is observed from our experimentalresult of Fig. 2.21 and Fig. 2.22 that some

dissimilarimagesattainhigherrankandcomebetweensimilar images.This canbeex-

plainedfrom the fact that the refinededgemap,which is obtainedby taking thedegree

of linking, is basedon the turning edgeanglesof theobjectboundary. Suchshapefea-

turesgivesaccurateresultswith objectshaving oneclosedboundary. Practicalimages

havemany finedetailsandturninganglefeatures.Thismayreducetheprecisionto some

extent.

2.5.2 Performancemeasure

The performancemeasureof retrieval is judgedfrom the recall rateandprecisionrate

obtainedfrom thefirst twentysuccessively retrievedimages.Precisioncanbemadehigh

by retrieving only few imagesandrecallcanbemadeequalto 1 simply by retrieving all

images[147]. TheRecallandPrecisionratesascomputedusingeqns.2.16and2.17for



2.5Experimental results 67

differentqueriesareshown in Table.2.2

We comparethe proposedmethodwith the retrieval resultsof the Fourier descriptor

method. Fourier descriptoris oneof the commonlyusedboundarybasedshaperepre-

sentative. Fourier descriptorsarechosen,for benchmarkingthe resultsbecauseFourier

transformededgefeaturesaregenerallyinvariant to geometrictransformationandalso

noiseresilient.Therecallandprecisionratesfor boththemethodsareshown in Fig.2.23.

In thecaseof computingFourierdescriptors,Canny edgedetection[40] is performedasa

preprocessingstepfor computationof thefeatures.It is seentheproposedmethodoffers

betterresults.Theresultsafterqueryingwith abird andgirl areshown in Fig. 2.19.While

makingacomparisonbetweenthemethods,it maybementionedthat,notall theselected

edgepointsbearstructurallysignificantinformationaboutdifferentobjectswithin theim-

age. It canbeclaimedthat,by categorizing thedifferenttypeof edgepointsas( strong,

mediumandweak)andsubsequentthresholding,it hasbeenpossibleto generatebetter

descriptionof the imageat multiple levels. As local contrastinformation is embedded

in the featurevalues,the schemeprovidessomedistinguishabilityin the featureswhich

enhancestheretrieval accuracy.
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(a)

(b)

Figure2.17: Retrievedresults,with top left imageasthequeryimage. (a) usingfeature

set(A) (b) usingfeatureset(B).



2.5Experimental results 69

(a)

(b)

Figure2.18: Retrievedresults,with top left imageasthequeryimage. (a) usingfeature

set(A) (b) usingfeatureset(B).
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(a)

(b)

Figure2.19:Retrievedresults,usingFourierdescriptor(a)bird image(b) girl image.
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(a)

(b)

Figure2.20: Retrievedresults,with top left imageasthequeryimage. (a) usingfeature

set(A) (b) usingfeatureset(B).
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(a)

(b)

(c)

Figure2.21: Retrieved results,usingfeatureset(B), from (USPTO) database.The top

left imageis thequeryimage.



2.5Experimental results 73

Figure2.22:Retrievedresults,usingfeatureset(B) from (USPTO) database.Thetop left

imageis thequeryimage.

Table2.2: Performanceevaluation%

Image ­ d
����� ­ d
���8� ­nu Rec.rate(A) Pr.rate(A) Rec.rate(B) Pr.rate(B)

Fig.2.17 6 9 10 60 30 90 45

Fig.2.18 8 11 11 72 40 100 55

Fig.2.20(b) 9 12 75 45

Fig.2.20(a) 4 4 100 20

Fig.2.21(a) 9 12 73 45

Fig.2.21(b) 8 10 80 40

Fig.2.21(c) 7 10 70 35

Fig.2.22 8 13 56 40
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Figure2.23:Comparativeresults,betweenproposedmethodusingfeatureset(B) andthe

Fourierdescriptormethod.

2.6 Conclusion

In this chapter, analgorithmfor extractionof fuzzy edgemaphasbeenproposed.There-

after, usingthe edgemaps,an imageretrieval systemhasbeendesigned.The extracted

edgepoints are categorizedas strong,mediumand weak type of points, basedon the

uncertaintiesin gradientstrength,mappedby thegradientmembershipfunction ��#������ .
Thesepointshave significantadvantageof embeddingboth gradientdirectionandlocal

contrastinformation. The Topologicalfeature(fuzzy compactness)computedfrom the

edgemapsobtainedat differentthreshold,constitutethefeaturevectorwhich is invariant

to rotation, translationand scaleby definition. Extensive experimentshave beenper-

formedon both logo andgeneralpurposeimages. It is evident from the experimental

results,thatfuzzy compactnessprovidesanfairly goodtool for indexing andcanbeable

to retrieve similar imagesfrom a heterogeneousdatabasewhoseclassesarenot known a

priori. Suchanapproach,canbetakenasanalternativeto segmentanimageinto coherent

regions,for subsequentimageto imagematchingapplications.

Theaveragecputimetime requiredfor computingthefeaturevector, ( elementscompris-
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ing of thefuzzy compactnessvalueat threedifferentthresholds)is 95.60secs.However,

this time is dependenton natureof theimagetype.Thecomplexity involvedin computa-

tion of featuresis of O(º u » u ). This includestheprocessingtime, usedto generatethe

refinededgemap. The future directionsin modifying the algorithmcould be to reduce

thecomputationaltime andimprove theaccuracy. As seenfrom theresults,that theper-

formanceof theproposedmethodis bestachievedwhenqueriedwith singleobjectsand

having non texturedbackground.The methodcould be further improved if someother

featuresareusedin associationwith thepresentfeature.This mayleadto betterapplica-

tion in objectrecognition.

Thepresentchapterdiscussesto whatextenttheinformationin animageis capturedin the

edges.However, thepointswhereimageedgeshave their maximumcurvaturearevery

importantin characterizingtheoverall structure,with reducednumberof points. These

pointsarecommonlydefinedascornerpointsandplay a significantrole in perceptual

grouping,which leadsto recognitionof shapeof an object. Cornerdetectionin binary

imagesis a simpleprocess[148]. But in the caseof gray level imageslocatingcorner

position is quite uncertaindueto spatialandgray level ambiguities.This arisesdueto

imperfectionof imagingsystemsaswell aslighting conditions.So,a robust cornerde-

tectionmechanismwhich canhandlethis sort of uncertaintiesis necessary. To achieve

suchgoal,theproblemof cornerdetection,usinga fuzzysettheoreticapproachhasbeen

addressedin thenext chapter.



Chapter 3

Extraction of Gray Level corners :

Perceptually Significant Points of

Inter est

3.1 Intr oduction

Visual similarity betweenimagescanbe achieved throughcorrespondencebetweenthe

extractedfeatureslikecolor, texture,shape,etc.[123]. Similarity betweentwo imagescan

be evaluatedby comparingshapesof differentobjectswithin the image. In suchcases,

high curvaturepointsplay a key role in matchingbetweentwo images.In this chapter,

the problemof extracting perceptuallysignificantfeatures,which are mainly the high

curvaturepointsincluding thecornerpointshasbeenaddressed.Theseextractedpoints

maybe consideredasan importantsourceof bearingstructuralinformationof different

objectswithin an image. The high curvaturepointsmay be consideredasusefulcandi-

datesfor characterizingan image. With the extractedfuzzy edgemap,asexplainedin

Chapter2,theprocessof perceptualgroupinghasbeenusedto extractsignificantportions

(highcurvaturepoints)from thespatialstructure.

In the previous chapter, it hasbeenshown that edgebasedfeaturesseemto be an
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importantsourceof datafor usein imageretrieval. Although, an imageis quite well

representedin termsof overall edgeinformationandcombinationof local features,but

the robustnessof the extractedfeatureswill dependupon the degree,which it is close

to humanperceptualgrouping. The extractedfeaturesshouldhave someadaptability

towardsvariationslike, changesin imagingconditionsresultingfrom blurring, varying

illumination,etc. Inspiredfrom theseideas,a fuzzysettheoreticapproachhasbeenused,

to extractthesignificantpoints.

Thehumanvisualsystemhasahighly developedcapabilityfor detectingmany classes

of patternsincludingvisually significantarrangementsof imageelements.Fromthepsy-

chovisualaspect,pointshaving highcurvatureareoneof thedominantclassesof patterns,

that play importantrole in almostall real life imageanalysisapplications[123]. These

pointsrepresentsignificantamountof shapeinformation. Cornersaregenerallyformed

at the junctionof differentedgesegmentswhich maybethemeeting(or crisscrossing)

of two edges.Cornernessof anedgesegmentdependssolelyon thecurvatureformedat

themeetingpoint of two line segments.Sincecornersdepictsignificantstructuralinfor-

mationin an image,reliabledetectionof cornersremainan importantresearchtopic in

imageanalysis.

Reallife imagedataarealwaysimprecisedueto inherentuncertaintiesthatmayarise

from the imagingprocess(suchas,defocusing,noise,wide variationsof illuminations,

etc).As aresult,preciselocalizationanddetectionof cornersbecamedifficult undersuch

imperfectsituations.Fuzzysettheoreticapproach,[216] which canbeusedfor possible

precisemeasurementwith imprecisedata[157] hasbeenadaptedfor developingthecor-

nerdetectionalgorithm.

Dominantcurvaturepointscanberepresentedasentitiesof afuzzysetwhereexactcorner

point is alsoa member. Thesepointsmaybeconsideredasinterestingpointsfor repre-

sentinganimage.Thesepointswill bereferredasfuzzycornerpointsin thiscontribution.

A greatdealof work hasbeendoneoncornerdetection,in theareaof imageprocess-

ing duringthepastmany years.This issueis discussedin brief.
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Cornerdetectionon graylevel imagescanbeclassifiedinto two mainapproaches.In the

first approach,thegraylevel imageis first convertedinto its binaryversionfor extraction

of boundariesusingsomethresholdingtechniques.After extractionof boundaries,the

cornersor thehigh curvaturepointsaredetectedusingdirectionalcodesor otherpolygo-

nal approximationtechniques[65].

In thesecondapproach,thegray level imageis takenasinput directly for cornerdetec-

tion. This discussionwill berestrictedto thesecondapproachonly. Most of thegeneral

purposegray level cornerdetectors[98], [222], [170], [199], [174], [13], [1] useeither

topology basedor auto-correlationbasedapproach. Topology basedcornerdetectors,

mainly usegradientsandsurfacecurvatureto definethe measureof cornerness.Points

aremarkedascorners,if thevalueof cornernessexceedssomepredefinedthresholdcon-

dition. Alternatively ameasureof curvaturecanbeobtainedusingauto-correlation.

Moravec[146] developeda cornerdetector, in which cornersaredefinedwhenthereare

large intensityvariationsin every direction. This idea is modified in Harris cornerde-

tector [84] consideringthe local intensity changein termsof directionalderivative of

surfacefeatures.It is alsoconsideredasoneof thebestcornerdetectorsongraylevel im-

ages.SmithandBradyproposed[190] anew methodcalled” SmallestUnivalueSegment

AssimilatingNucleus(SUSAN)”, which utilize simple maskingoperationsin placeof

gradientconvolution. They usedacircularwindow, to obtainUSAN area,andcentroidis

extracted.This methodhasbetternoiserobustnessandlocalizationof cornerscompared

to othermethods.

Corneris an importantfeatureusedin variousimageanalysisapplications[121], [61].

Detectionof corners,usingclassificationbasedapproach[17], [112] andfuzzy reason-

ing basedmethod[115], [111] both for color images[210] andgray level imagesis an

importantresearchissue.

In thisstudy, analgorithmto extractsignificantgraylevel cornerpointsbasedonfuzzy

settheoreticapproachhasbeenproposed.Thehighcurvaturepointslocatedatthediscon-

tinuitiesbetweendifferentuniformintensitysurfaces,constitutethefuzzycornerset.The
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measureof cornernessvarieswith fuzzy edgestrengthandgradientdirection. Dif ferent

setof fuzzy cornersareobtainedusingdifferentvaluesof thresholdon the fuzzy edge

map.Theuncertaintiesin locatingthecornerspointswhich mayarise,dueto discretiza-

tion, noiseandotherimagingdefects,arehandledwith fuzzy model. The robustnessof

the proposedalgorithmis experimentallyverified usingboth simulatedimagedataand

naturalimages,to justify thesuitability of thealgorithm.Theperformancehasalsobeen

comparedwith thepopularconventionaldetectorsof [84] and[190] to illustratetheeffi-

ciency of thealgorithm.

Consideringthefuzzy edgemapasinput,a studyhasalsobeenmade,usinga classifica-

tion basedapproach,with Supportvectormachines(SVM)to extractthepossiblecorners.

The objective of which is to incorporatesomelearningmechanismin orderto increase

therobustnessof thethefeatureextractionalgorithm.

Theremainingchapteris organizedasfollows: Section3.2briefly describesthemath-

ematicalmodelusedin this work. Section3.3describesthefuzzy cornerextractionpro-

cess. Section3.4 describesthe experimentalresults. Section3.5.1explains the corner

detectionalgorithmusingSupportVectorMachines(SVM). Section3.6 providesa con-

clusion.

3.2 Mathematical modelingof gray level corners

Thebasicnotionbehindtheproposedalgorithmis that,a digital imagecanbethoughtof

as2-D plane,wherethereareridgesor valleys [207], [82] which aresimilar to Plateaus.

This is true, whentherearesimply connectedsequenceof pixels having gray tone in-

tensityvaluessignificantlyhigher (lower) in the sequencethanthe neighboringpixels.

Desiredfeaturescanthereforebeobtainedbyextractingandassemblingtopographicchar-

acteristicsof intensitysurfaces,andhasalreadybeendiscussedin Chapter2.

Cornerpointsarehighcurvaturepointsandshouldlie ongraylevel edges.It shouldhave

significantchangein edgedirection with linear arm supportof considerablelengthon
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Figure3.1: Block diagramof theproposedalgorithm.

bothsides.Thebuilding blockof theproposedmethodologyis explainedin Fig. 3.1

The proposedmethodologyfor extractionof fuzzy edgemap hasalreadybeenex-

plainedin chapter2. The fuzzy edgemap asobtained,using an exponentialfunction

hasbeenexplainedwith differentexamples,asshown in Figs. 2.7- 2.16. However, the

fuzzy edgemapobtainedusinganexponentialfunction,requiredfurtherpostprocessing

to generatea refinededgemapandmake it noisetolerant. This hasbeendoneby using

thepropertiesof connectednessasshown in Figs.2.7-2.14.

To reducethecomputationinvolvedin generatingtherefinededgemap,alsoat thesame

time extract significantcandidateedgepoints for computationof corners,resultsusing

othermembershipfunctionshavealsobeenstudied.Dif ferentexperimentshavebeenper-

formed,which aresummarizedandshown in Table. 3.1. A Standard
«

-typefunctionas

shown in Fig. 2.1hasbeenchosento representtheuncertaintiesof edgestrengthandthe
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locationof trueedgepoint. No furtherpost-processinghadbeenmadeto obtaina refined

edgemap.

In thepresentcase,possiblecandidateedgepixels( �o� ) areextractedfrom theborder

regionsbetweenthe uniform intensitysurfaces,asexplainedin the chapter2,which are

definedin termsof PlateauTop andBottom. Theedgecandidates( ��� ), which belongto

theborderregionsareassignedgradientmembership,usingthestandard
«

-typefunction

asshown in Fig. 2.2anddesignatedas ��������� [19]. Thevalueof ��������� is basedon their

respectivegradientstrength.Similar to chapter2,Gaussianfiltering, hasalsobeenchosen

to performeffective smoothingof small distortionscausedby noiseand to obtainblur

boundaries.Thesizeof theGaussiansmoothingfilter is fixedto 3x3 pixelsandvalueof

� to 1.5.

A fuzzy edgeset( � & ) comprisingof gradientmembership��������� , of theedgepoints

�U�¬��� is formed,asdefinedin (3.1)

In thenext step,two membershipfunctions( ��������� and���
����� ) arecomputedto esti-

matethefuzzy connectivity strengthalonga path,in theforwardandbackwarddirection

with respectto thecandidatepixel. Thedetailedimplementationof thestepsaredescribed

in thefollowing subsections.

� &�DJ���h���
�������5�o�¥� � (3.1)

3.2.1 Estimation of gradient strength � �"!�#%$
For every edgepixel �°�3g ¨ � where g ¨ is the gray valueof pixel ( � ), a �  C� window is

consideredasshown in Fig. 3.2. Although the methodof computingthe local contrast

ratiosis similar to that alreadydescribedin Chapter2,but the parametersof the
«

-type

functionsareassignedto cover thetotal dynamicrange,insteadof usingmaximumratio

i.e.,putting ]�^_�IDUªT:M: and ]�^_ïoD�- asin eqn.2.10.

In Fig. 3.2, the symbolsrepresentthe gray valuesat differentneighborhoodsof �
similar to Fig. 2.4. Thedifferencebetween( � d , ��u ), ( 
 d , 
_u ), (

± d , ± u ), ( ]·d , ] u ) aretakenas



3.2Mathematical modelingof gray level corners 82

graylevel differencesin four differentdirections.Theratioof graylabelchanges(Ê'& ) are

computedfrom two mutually perpendicularsetof pixel pairswithin the neighborhood.

Consideringthemutuallyperpendicularpair ( � dig ¨i�
u ), ( 
 d�g ¨i
_u ), thecomputedratiosare,
d�¶iô ^�ú � ^ � ôd�¶iô ��ú � � � ô , d�¶iô �¥ú � �

� ôd�¶iô ^�ú � ^ � ô [19]. Similarly, (
± d�g ¨ ± u ), ( ]·d�g ¨ ] u ) areconsidered.The four values

of pixel contrastratios(Ê'& ) asobtainedfrom the neighborhoodof eachcandidateedge

pixel areshown in (3.2).

Ê(&bD9¡ *�¸
� � d�� ��u �

*~¸ � 
 d�� 
_u � �
*�¸ � 
 d�� 
Èu �
*�¸ � � d�� �
u � �

*�¸ �£± d�� ± u �
*¹¸ � ]¾dn��] u � �

*�¸ � ]·d���] u �
*~¸ �£± d�� ± u � ¤ (3.2)

As mentionedin chapter2,anedgepixel will havemaximumgraylevel differencein a

direction,perpendicularto its trueedgedirection ��) ) [75]. Theedgedirection ��) ) should

point along the minimum differencedirection [75]. The maximumpixel contrastratio

(Ê°# � ),

Ê°# � D ¿\� �ß�5Ê(& � (3.3)

is the parameter(x) usedfor computingthe gradientmembership��������� with a
«

type

function, asshown equation(2.1). ���
����� is usedto representthe uncertaintiesof edge

strength.

���������~D « �3��Â � d¥� ± d�� 
 d©�¥� (3.4)

where,
± d = � � d�¸ 
 d©� ´ ª

The feet and the shoulderpointsof Fig. 2.1 have beencomputedusingmin(ÊB# � )
andmax(Ê°# � ) valuesof thecontrastratios(Ê°# � ), over which themembership���
����� is

mapped.


 d D ¿\� �X�hÊB#*&��
� dPD ¿ | ­ �hÊB#*&5� (3.5)

The histogramplotsof pixel contrastratiosareshown in Figs. 3.8(a)and3.8(b) for

theimagesof Fig. 3.7(a)andFig. 3.7(b)respectively.
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Figure3.2: Computationof pixel contrastratio from +-,.+ neighborhoodof apixel.

Table3.1:Selectionof Membershipfor generatingcandidatesto testcornernessproperties

/1032 /1054 6
functionused generatededgemap

255 0
687:9�;	<>=@?9�;	< =�A B�CED�FEG 7IH CKJ3LNM*D�O 6 G Figs.3.4(b),3.5(b)

maximumcontrast 0
687 9�;	<>=@?9�;	< =�A B�CED�FEG 7IH CKJ3LNM*D�O 6 G Figs.3.4(c),3.5(a)6P7RQ%ST6 DVU(W�G S(x;a,b,c) Figs.3.3(b),3.5(c)

Thevalueof B 2 D�FXG determinestheedgestrength.Highervaluesof gradientmemberships,

i.e. B 2 D�FXGZY\[^]V_ correspondto mediumandstrongedgepoints. Lower valuesof B 2 D�FXG
correspondto weakor noisyedgepoints.

Thefuzzygradientmap( ` < ) asshown in (3.1) is obtained.

Dif ferentedgemapsasobtainedusingdifferentmembershipfunctionsareshown from

Figs. 3.3- 3.5. The edgemapsobtainedusingeqn.2.10asexplainedin Chapter2,are

shown in Figs. 3.4(b),3.5(b). The edgemapsasshown in Figs. 3.4(c),3.5(a)arealso

obtainedusingeqn.2.10however thevalueof
/1052

hasbeentakenequalto themaximum

local contrastvalue,asobtainedfor an imageinsteadof 256. Figs. 3.3(b),3.5(c)have

beengeneratedusingastandardS-typefunction.
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(a) (b)

Figure3.3: (a)Original image(b) edgemapwith S-typefunctionat B�CED�FXGaYI]b[	]bc

(a) (b) (c)

Figure3.4: Fuzzyedgemaps(a) gradientmapwithout linking, thresholdedat B�CED�FXG
Y
[^]Vd (b) refinededgemapwith exponentialfunction,thresholdedat B�CED�FEGeYf[^]Vd , set(B)

(c) usingexponentialfunctionwith
/1052

= maximumlocal contrast,asobtainedwithin an

image.
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(a) (b) (c)

Figure3.5: Refinededgemap,thresholdedat B�CED�FXGgYh[^]Vc for all threecases.(a) with

exponentialfunction,
/1032

= maximumlocal contrast,asobtainedwithin animage(b) with

exponentialfunction,with
/"032

=255(c) edgemapwith S-typefunction.

3.2.2 Estimation of connectivity strength i jlk�mon and i p"k�mon
Two membershipvalues( B�qrD�FXG and B�stD�FXG ) arecomputedon a selectedsubsetof ( ` < )
shown in (3.1) obtainedby thresholding( ` < ). The membershipsB�qrD�FXG and B�stD�FEG are

computedfrom the differencein edgedirectionsbetweenthe connectedpixels within a

fixedwindow. Theactualcomputationof B�qrD�FEG andB�sTD�FXG aremadeasfollows :

Let u = v^u 9 , uxw , ...uzy�{ representthe edgedirectionof a sequenceof pixels on an edge

segment. Thepresentapproach,dealswith the changesin edgedirections.To compute

relative changein direction,theanglesubtendedbetweentwo successive pixelsarecon-

sideredin a +-,.+ window asshown in Fig. 3.2.

Thedirections( u ) alongthehorizontalline i.e. (0 and180deg.) arelabeledas(0), sim-

ilarly alongthe vertical lines as( | ) andalongthe diagonallines as(+ 1, -1) asshown

in Fig. 3.2. As a result,theedgesalongdifferentdirectionsmaybelabelledasshown in

(3.6).

} < q�~ v [^�^��� | ��O'� { (3.6)
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Thechangeof directionswith respectto ( u ) betweenthesuccessiveedgepixelsmayhave

values( u�������� ), ( u O �a��� ), ( u�������� ), ( u O �a��� ) in aneightneighborhood.However

dueto blurring of the images,thesharpchangeslike ( u'���a��� ), ( u O �a��� ) betweenthe

successivepixelsareconvertedto gentlechangeshaving valueslessthan�a��� . As aresult,

thechangesat astepof 45degreesareconsidered.

If thedirectionof thecandidatepixel F is u , then u q = u + �a��� is consideredasrel-

ative forwarddirectionand u s = u - �a��� is consideredastherelative backwarddirection

with respectto u . A
Q , Q window is centeredaroundtheselectedcandidateedgepixels

andthenumberof simply connectededgepixelsof ( ` < ) which have directionsu q and u s
arecounted.If the labelof u is (0) then,the labels(1, -1) representsthecounts� q and

� s respectively. Similarly if thelabelof u is (1), thelabels( | ,0) representthecounts� q
and� s respectively andsoon.

This count is expectedto vary with the sharpnessof the curvature type. The values

(BlqrD�FXG , B�sTD�FXG ) arerepresentedwith theform of membershipfunction,

B�qrD�FXG 7���� J�L�M*D�O 6 G (3.7)

where
687 9y	� ,

Similarly B�s is definedby

B�stD�FXG 7I��� J�LNM*D�O 6 G (3.8)

where
6�7 9y	� , K is a constantmultiplier. It is so selectedthat the valueof B�qrD�FEG or

B�stD�FEG shouldlie in between0 to 1.0 from thefinite countsof � q and � s of theimage.K

is determinedfrom themaximumcountof � q or � s
Eachcandidateedgepixel ( F ) selectedfor cornernesstesting,is thusrepresentedby a 3-

dimensionalfeaturevector ��� where,

��� = [ B 2 D�FEG , B�q�D�FXG , B�stD�FXG ]. Extractionof possiblefuzzy cornersfrom the input edge

map( ` < ) will bediscussedin thenext section.
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3.3 Multile vel fuzzy corner extraction

Thefuzzyedgemap( ` < ) is representedassetof points v D�B 2 D�FXG���F 2 G { . In theinitial stage,

a suitablethresholdvalueof gradientmembership,hasto be decidedto selecta subset� <3� of ` < , andonly thosepointsareusedfor computationof, B�qrD�FEG , B�stD�FEG for detection

of fuzzycorners.

3.3.1 Membership transformation

Any naturalimageconsistsof differenthomogeneousregions,wherethe shapeof each

region is characterizedby its boundinglines.But in many practicalsituationsthebound-

ariesareso faint that it becomesdifficult to distinguishbetweentwo regions. Moreover

dueto noiseandnonuniform illumination,spuriousedgesmayalsoappear. It is alsodif-

ficult to discriminatebetweenspuriousedgesandweakedges.Undersuchsituation,the

gradientinformation(bothedgestrength,anddirectioninformation) mayberequiredto

cutof whereB 2 D�FXG is verysmall.To locatepointsfrom significantportionsontheimage,

acontrasttransformationmaybeusedasapreprocessingstep.Theextractionof probable

edgecandidates,is achievedby thresholdingthroughnon-lineartransformationof mem-

bershipvaluesB 2 D�FEG suchthat,thepointshaving valuesgreaterthan0.5arestretchedand

thosebelow 0.5aresqueezed.

� < q 7��
� D ` < G (3.9)

A pixel contrasttransformationoperation[155] is representedin (3.10)

B <>9 D�FXG 7 �-, B 2 D�FXG w ��[E��B 2 D�FXGa��[^]V_7 ��O ��, D ��O¡B 2 D�FEG5G w ��[^]V_���B 2 D�FXGa�\��]V[ (3.10)

Theresultsbeforeandaftertransformationof membershipvaluesfor Figs. 3.7(a)are

shown in Fig. 3.9(a),Fig. 3.9(b)and(c). As seenfrom Figs. 3.9(a),(b) thenumberof

insignificantcandidatepoints,consideredfor cornernesstestingarereducedat thesame
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thresholdvalue. Thresholdingthe transformededgemap(
� < q = v B <>9 D�FEG �TF { ) above dif-

ferentmembershipvaluesmaybeobtainedby usingproper( ¢ O'£�¤r¥>¦ ) [155] asmentioned

in section3.2. As a result,we obtaintheedgemaps
� <�� at differentlevels from

� < q , as

shown in (3.11). � <3� 7 v F�~ � < q�§	B <>9 D�FXGaY ¢¨{ (3.11)

where[E� ¢ �\��]V[ . Thecandidatesof
� <�� canberepresentedby thelocal features��� q =

[ B <©9 D�FEG ,B�qªD�FEG , B�stD�FEG ]

By suchthresholdingof
� < q , multilevel fuzzy edgemapsmay be generated,wherethe

pixelsmaybesegregatedas(strong,medium,weak)edgepixelsbasedon their gradient

membershipvaluesB <>9 D�FEG asshown in Figs.3.12(b),(c), (d) for Fig. 3.12(a).

If the local contrastof a region is very poor, then B <>9 D�FXG valuesof differentedge

pointsarevery closeto eachother. Ambiguity in locatingcurvaturepoints in thesere-

gionsmay increasedue to closeproximity of valuesof differentpoints,asseenin the

bottomrectangleof Fig. 3.12(b).On theotherhand,themembershipvaluesof different

pointsarewidely separatedabove thecrossover points(B <>9 D�FXGZY\[^]V_ ), wherethe local

contrastis betterresultingin lessambiguity.

In thetransformedset,pointshaving (B <>9 D�FXG�YI[^]V_ ) will includeedgepointswith higher

andmediumstrength. Whereasthosehaving values(B <>9 D�FEG5G'�«[^]V_ ) will selectlot of

spuriousedgepointsalongwith highandmediumtypeof curvaturepoints.

Thusaproperchoiceof threshold(B <>9 D�FXG ) selectionis necessary, below which thevari-

ationsareconsideredto benoise.

3.3.2 Selectionof thr esholdon membershipvalue

The gradientmembershipvalue B <>9 D�FXG usedfor thresholdingthe edgemap,is decided

from thepixel contrastratio histogram.

Thehistogramof contrastratio givesanestimateof globaldescriptionof theappearance

of animage.

In general,thechoiceof thresholdis madeasfollows:
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A higherthresholdvalue,typically B <>9 D�FXGaY�[^]Vd is chosen,to reducethefalseacceptance

rate, if the natureof the contrasthistogramis as follows : (i) The contrasthistogram

occupiesmostof thehistogramlevels,whicharein contiguouslocations.(ii) Thenumber

of occurrencesfor each(U(C­¬ ) valueis quite closeandcoversthe majority of the total

dynamicrange.This is seenfrom thehistogramplotsof Figs.3.7(a),3.10(a),(b).

As we are concernedwith the dynamicrange,and not the absolutegray scalevalues,

suchthresholdingcanbe appliedfor almostall naturalimages,evenundergonevarying

imagingconditionslikeoverexposed,underexposed,blurred,etc.Thecontrasthistogram

plot for theFigs.3.10(a),(b) areshown in Figs.3.11(a),(b).

On theotherhand,a lower thresholdvalueof B <>9 D�FXG typically B <>9 D�FEGZ®¯[^]b[ is chosen,

if the histogramhasthe following properties. (i) Sparselydistributed contrastlevels.

(ii) Having widely differentoccurrencesfor different(U(C�¬ ) values(iii) Doesnot cover

majorityof thedynamicrange.Suchcasesmayarisefor nearlybinaryimagesasseenfor,

Figs. 3.7(b),Fig. 3.21. In suchcasestransformationof B 2 D�FXG to B <>9 D�FXG , doesnot affect

theresultsmuch,asthecandidateweakedgesarelessin number.

This hasbeentestedover numberof imagesand the strategy describedis found to be

satisfactory.

3.3.3 Estimation of local shapeparameters

Oncethesuitablethresholdvalueof B <>9 D�FEG is chosen,thenext taskis to categorizethe

edgepixelsbasedon thelocal propertiesestimatedfrom B�qrD�FXG and B�sTD�FXG . Theselected

edgecandidatesconstitutethe points of
� <�� for which the membershipvaluesB�qrD�FXG ,

B�stD�FEG arecomputed.The propertiesof BlqrD�FXG , B�stD�FEG areusedto examinelocal shape

parameters,which aredefinedasstraightnessandcornerness.Propertiesof B�qrD�FEG and

B�stD�FEG for any of theselectedpoints( F ) on theedgemapis shown in Table.3.2.

Straightness: This propertyis determinedby comparingpixels translatedalongthe

directionof edge.It is expectedthatapixel translatedin thedirectionof straightedgewill

beconnectedto pixelsof samedirection.HenceBlqrD�FXG andBlstD�FXG­°�[^]V[ .
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Table3.2: Fuzzycornernessmeasure

BlqrD�FXG B�stD�FXG cornerness Straightness Location

high low high low forwardarm

high high high low nearcurvaturejunction

low high high low backwardarm

low low low high straightedge

Cornerness: This propertyis determinedfrom comparingpixelshaving reflexive sym-

metry. Thepixelsareexpectedto bereflectedfrom onearmto theotheron bothsidesof

thecurvaturejunctionwithin theregionof evaluation,asshown in Fig. 3.6.

Thepointsof
� <�� asshown in equation(3.11)having both B�qrD�FEG andBls1D�FXG equalto zero

canbefilteredout asthenoncornerpixels. As a result,theinterestingregionsconstitut-

ing a groupof curvaturepointsof thefuzzy edgeimagecanbeseparated.We attemptto

approximatethisregionwith aquantitativemeasureby exploiting thepropertiesof B�qrD�FXG
andB�sTD�FXG .

The pixels in the proximity of the curvaturejunction asshown in Fig. 3.6 canbe

categorizedfrom the following rules. (i) The points with B�qrD�FXG high and BlstD�FXG low

constitutethepointson the left sideof the junctionpoint. We designatethesepointsas

F �²± q , (asshown in Fig. 3.6)on forwardarmandassignmembershipBlqrD�FXG -B�sTD�FXG . This

differenceis expectedto varywith thesharpnessof curvature.Thepointsof F �³± q represent

a fuzzysubsetasB�q 0 W´C .

B�qµW 0 C�D�FXG 7 B�qrD�FXGlO¡B�sTD�FXG (3.12)

(ii) Thepointswith B�stD�FEG highandB�qrD�FXG low constitutethepointsontheright sideof

thejunctionpoint. Wedesignatethesepointsas F �³± s , (asshown in Fig. 3.6)on backward

armandassignmembershipB�s -B�q . Thepointsof F �³± s representa fuzzysetB�s 0 W@C .
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B�s¶W 0 C�D�FXG 7 B�stD�FEG�O%B�qrD�FXG (3.13)

(iii) Thepointsverynearto thejunctionis expectedto havehighor mediumvaluesof

B�qrD�FEG andB�stD�FEG .
Having obtainedthetwo fuzzy sets,B�qµW 0 C and B�s¶W 0 C , a third fuzzy subsetB 2�· y which is

surroundedby both B�qµW 0 C and B�s¶W 0 C lie approximatelyon the axis of symmetry. This

region constitutethe ambiguouscorners. The clusterof suchpoints (*) representedas

B 2¸· y areshown in Figs. 3.13(a),3.14(a),3.15(a),3.16(a)respectively for image3.7(a).

Thepointsbelongingto B 2¸· y arethosepoints,having otherpointswith B�qµW 0 C�D�FXGa®¹[ and

B�s¶W 0 C�D�FXGa®¹[ in theneighborhoodof fixedwindow size.

The extractedcurvaturepointsmay be of differentsharpnesstype (sharp,medium,

weak).Thecharacteristicsof sharpcurvaturepointswill beconfinedwithin asmallregion

but for thatof mediumandweaktypetheregionwill belarger. In view of theabovefacts,

weuseameasure
��º

thatcontrolstheshapeandsizeof theextractedB 2¸· y .
In orderto definea quantitativemeasureof theregion, constitutingof pointsof B 2¸· y , we

computethesumtotalof differencesfor all thepairsof Blq>W 0 C andB�s¶W 0 C whichfall within

theregion of evaluation,a nxn window. This valueis subtractedfrom a largevalue» C 05¼
(keptfixedat 2.0,foundexperimentallybetter)to make it increasewith sharpness.

�½ºX7 » C 03¼ O
±�¾	y©¿´w
�À¾ªÁ	y�¿´w

±�¾	y©¿´w
�¶¾ªÁ	y�¿´w B�q

0 W´CÂO¡B�s 0 W´C (3.14)

Therepresentative pointsi.e, theclustercenterof eachlocalizedregion (B 2¸· y ) is rep-

resentedby Ã��³± whosecoordinateis equal to the averagevalue of the co-ordinatesof

the n pointsof eachclusterasshown in Figs. 3.13(b),3.14(b),3.15(b),3.16(b). Ã��³± =Ä 6 ±>�©� � »	±µ�©�­Å
At at fixedvalueof B <>9 D�FXG thevalueof

��º
is experimentallyvariedfrom (0.1 to 0.3) to

generatecornersof differentsharpness.

Computationalcomplexity : The analysisof the computationalcomplexity (worst
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Figure3.6: Determinationof cornerness.

(a) (b)

Figure3.7: (a)Original imageof house.(b) Imagehaving prominentcurvaturejunctions.

case)involved in different operationsfor an imageof size Æ ,ÇÆ and with window

neighborhoodÈÉ,'È , is explainedasfollows: 1. Identificationof borderregionsrequires

Æ w È w operations.2. Computationof pixel contrastratio involves ÊNÆ w È w operations

(where[�Ë Ê ËÉ�©]b[ ). 3. Assignmentof B 2 D�FXG involves ÊÌÆ w operations.4. Membership

transformationinvolves Ê�Æ w operations.5. Thresholdinginvolves ÊNÆ w operations.6.

computationof B�q and B�s involves ÊNÆ w È w operations.7.Groupingof pixels basedon

fuzzy rulesinvolves ÊNÆ w operations.8.Computationof
�½º

involves ÊNÆ w È w operations.

Thetotal operationis of theorderof O(Æ w È w ).
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(a) (b)

Figure3.8: (a)Pixel contrasthistogramof Fig. 3.7(a)(b) pixel contrasthistogramof Fig.

3.7(b).

(a) (b) (c)

Figure3.9: Fuzzyedgemap(a) (B 2 D�FXGÍYÎ[^] � ) (b) (B <>9 D�FXGÏYÎ[^] � ) after membership

transformation(c) (B <>9 D�FXGaY�[^]VÐ )
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(a) (b)

Figure3.10: Imageof house(a) underexposed(b) overexposed
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Figure3.11:Pixel contrasthistogramplotsfor imageof house(a)underexposed(b) over-

exposed
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3.4 Experimental Results

The performanceof proposeddetectorhasbeenexaminedon varioustypesof images

including imageswhich have undergone image alterationslike blurring, illumination

change,noise,etc. Imageasshown in Fig. 3.12(a)containsobjectsof differentshapes

with varying illumination. The procedureinvolvesextraction of edgemap. The edge

mapof Fig. 3.12(a)arethresholdedabovedifferentmembershipvaluesasshown in Figs.

3.12(b),(c), (d) for (B <>9 D�FXGEYÑ[^]V[ ), (B <>9 D�FEGEYÑ[^]VÒ ), (B <>9 D�FXGXYÓ[^]bÐ ) respectively. The

pointsabovethethresholdvaluesarerepresentedasdarkedgepixels. It is to benotedthat

theinternalstructureof therectangle(representedasdarkregion ) shown in Fig. 3.12(b)

could not be extractedproperlydueto poor contrastbetweenthe two regions. In such

cases,theextractionof thestructurecouldnot bedoneproperlyasthegradientvalueof

theedgepixelsarevery low andthe thresholdis (B <>9 D�FXGgYh[	]b[ ). At a higherthreshold

valueof B <>9 D�FXG , strongeredgepointsmainly representingtheboundarypointscaneas-

ily be separatedasshown in Fig. 3.12(d). The curvaturepointsof variousregionsare

depictedby symbol ‘*’ asshown in Figs. 3.13(a),3.14(a),3.15(a),3.16(a). The repre-

sentativepoint from eachclusteris shown in Figs.3.13(b),3.14(b),3.15(b),3.16(b).The

differenttype of curvaturepointsareobtainedby varying
��º

and B <>9 D�FXG andshown in

Figs. 3.13(b),3.14(b),3.15(b). The resultsof our algorithmarecomparableto that of

mostpopularlyusedcornerdetectorslike HarrisandSUSANdetectorandareshown in

Figs.3.17- 3.18. The performanceof differentcornerdetectorsvarieswith the type of

theimageandto obtainthebestresults,severalparametersneedto beadjustedfor almost

all detectors.We have tried to compareour resultswith the bestresultsobtainedfrom

eachdetectorwith theparametervaluesassuggestedby authors.In our algorithmbetter

resultsareobtainedby keepingthe thresholdof B <>9 D�FXG at a lower valuewhenthereare

lessernumberof gray level variationse.g.,Fig. 3.7(b). On the otherhandwhenthere

arelarge variationsof distinct gray valuesasthat of Fig. 3.7(a),higherthresholdvalue

of B <>9 D�FXG is chosento reducethenumberweakandnoisyedgepoints. Suchresultsare

shown in Figs.3.18- Figs.3.20.It is seenfrom Fig. 3.17(a),(b), (c) thatthecornerpoints
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(a) (b) (c) (d)

Figure3.12: (a) Original image,sameasFig. 3.7(a)(b) edgeimagefor (B <>9 D�FXGZ®¯[^]V[ )
(c) (B <>9 D�FXGaY�[^]bÒ ) (d) (B < DVÔªGÕY�[^]VÐ ). Pointsabovethresholdplottedascrispedgepoints.

obtainedby our methodFig. 3.17(a)is quitecomparableto thatof Harrisshown in Fig.

3.17(b)andSUSANdetectorasshown in Fig. 3.17(c). However, SUSANis ableto ex-

tractcornersfrom very low contrastarea.Theresultson thehouseimagewith threshold

value( B <>9 D�FEGZY�[^]VÐ and
�½º

= 0.2 ) for our algorithm,HarrisandSUSANareshown in

Figs. 3.18. It is seenfrom Fig. 3.18that thecornerpointsobtainedby our methodFig.

3.18(a)is comparableto that of Harris asseenin Fig. 3.18(b)andSUSAN detectorin

Fig. 3.18(c).Our resultis closerto thatof SUSANwith somemoredetailsof curvature

informationthatexistsin differentregionsof thehouseimage.Theresultsobtainedunder

differentimagingconditionsareshown from Figs. 3.19- 3.20. It is to benotedthatour

proposeddetectoris ableto extractmostof significantstructuralcornerpointsundervary-

ing imagingconditions.This is dueto thefact that theslopeof thefuzzy propertyplane

is determinedfrom the dynamicrange. Although the gray level contrastinformationis

reducedin theoverexposedcasein Fig. 3.20,but dueto additionalcontrastintensifica-

tion, significantedgepixelsareselectedabove thresholdfor cornernessdetection.Even

for nearlybinary imagesour algorithmworks satisfactorily asseenfrom Figs. 3.21(a),

(b) and(c).
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(a) (b)

Figure3.13:(a)Curvaturepoints(*), (B <>9 D�FEGa®Ö[	]b[ and
�½º

=0.1)(b) representativepoint

of eachcluster.

(a) (b)

Figure3.14: (a)Curvaturepoints(*), (B <>9 D�FXGa®¹[^]V[ and
�½º

=0.2)(b) representativepoint

of eachcluster.
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(a) (b)

Figure3.15: (a) Curvaturepoints(*), (B <>9 D�FEG×®¯[^]V[ ��º =0.3) (b) representative point of

eachcluster.

(a) (b)

Figure3.16: (a) Curvaturepoints(*), (a) (B <>9 D�FXG×®\[	]bÒ and
��º

=0.1) (b) representative

point of eachcluster.
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corners detected

(a) (b) (c)

Figure3.17:Cornerpoints(a)Ourdetector(B <©9 D�FXGa®Ö[^]V[ and
��º

=0.3)(b) Harrisdetector

(c) SUSAN

corners detected

(a) (b) (c)

Figure3.18:Cornerpoints(a)Our detector( B <>9 D�FXGaY�[^]VÐ and
��º

=0.2)(b) Harrisdetec-

tor (c) SUSAN
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(a) (b)

Figure3.19:Cornerpointsfrom ourdetector(a)blurredimage(B <>9 D�FEGaY�[^]VÐ and
�½º

=0.2

(b) houseimagewith noisyregions.

(a) (b)

Figure3.20:Cornerpointsunderilluminationchange(a)overexposed(B <>9 D�FXGaY�[^]bÐ and��º
=0.3)(b) underexposedcase(B <©9 D�FEGaY�[	]bÐ and

�½º
=0.3)
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corners detected

(a) (b) (c)

Figure3.21:Cornerpoints(a)Ourdetector(B <©9 D�FXGa®Ö[^]V[ and
��º

=0.2)(b) Harrisdetector

(c) SUSAN

3.5 Corner detectionapproachusingSupport VectorMa-

chines

As seenfrom theexperimentalresults,thatthecornerdetectionalgorithmgeneratesquite

satisfactoryresultsongraylevel images.However, theperformanceof thedetectorbased

on fuzzy rule basedapproachis dependenton thetuningparametersB <>9 D�FEG and
��º

. Al-

thoughan ad-hocthresholdselectionschemebasedon pixel contrasthistogramis pro-

posed,but the complexity involved in total operationsis of the orderof O(Æ w È w ). To

enhancetheperformanceof thedetectorin termsof reducingparametertuning,analter-

native classificationbasedapproachusingSVM, hasalsobeenstudied,which incorpo-

ratesimplicit learningcapabilities.Using the labelededgedirectionsof the fuzzy input

edgepoints,a classificationbasedapproachusingSVM is experimented.

Supportvector machinesare a generalclassof learningarchitectureinspiredfrom

statisticallearningtheorythatperformsstructural risk minimizationonanestedsetstruc-

tureof separatinghyperplanes[202]. Givena trainingdata,theSVM trainingalgorithm

obtainstheoptimal separatinghyperplanein termsof generalizationerror. We describe

below theSVM designalgorithmfor a two classproblem.Multiclassextensionscanbe
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doneby designinga numberof one-against-allon one-against-onetwo classSVMs.

Supposewe aregivenasetof examplesD 6 9 � » 9 G , ....D 6�4 � » 4 G , 6 ~�ØeÙ , »^� ~ v O(��� � � { ,
consideringfunctionsof theform sgn D DVÚ�] 6 G ��Û G andimposingthecondition,

Ü �­ÝaÞ D�ÚÌ] 6 � G �ßÛàÞ 7 �©� Ü 7 ��]b]���á (3.15)

We would like to find a decisionfunction Ý�âlã s with thepropertiesÝ�â½ã sTD 6 � G 7 »^� , i=

1,2,...l. If this functionexists,condition3.15impliesthat,

»	� D5DVÚÌ] 6 � G ��Û GÕY\��� Ü 7 ��� � ]b]b]�á (3.16)

In many practicalsituationsa separatinghyper planedoesnot exist. To allow for

possibilitiesof violatingeqn.3.16,slackvariablesareintroduced.like

ä � Y�[^�	� 7 ���^��]b]b]�á³¥>åçæ ` ¥ (3.17)

»^� D5DVÚ�] 6 � G �ßÛ GÕY��­O ä � � Ü 7 ��� � ]b]�]bá (3.18)

The supportvectorapproachfor minimizing the generalizationerror consistsof the

following. Minimize,

u D�ÚÌ� ä G 7 D�ÚÌ]èÚ�G ��Ã
4
�¶¾ 9

ä � (3.19)

subjectto theconstraintsin eqns.3.17and3.18. It canbeshown thatminimizing the

first term amountsin eqn. 3.19 to minimizing the VC dimension,andminimizing the

secondterm correspondsto minimizing the misclassificationerror, with constraintsC.

Theabove minimizationproblemcanbeposedasa constrainedquadraticprogramming

(QP)problem[39]. Thesolutiongivesriseto adecisionfunctionof theform

Ý D 6 G 7 ¦�æ � Ä
4
�À¾ 9 »	��¢�� D

6 ] 6 � G ��Û (3.20)
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Only a small fraction of ¢�� co-efficients are non zero. The correspondingpairs of
6 �

entriesareknown assupportvectorsandthey fully definethe decisionfunctions. The

supportvectorsaregeometricallythepointslying neartheclassboundaries.

Theaforesaidtwo classSVM caneasilybeextendedfor multiclassclassificationby

designinganumberof one-against-alltwo classSVMs,e.g.,a
H
-classproblemis handled

with
H

two classSVMs.

3.5.1 The ProposedApproach

The proposedapproachconsistsof two phases.In the first phase,with the fuzzy edge

input image,a four dimensionalfeaturevectordescribinganedgepixel is constructed.A

local window aboutanedgepoint is considered,andthecountof (other)edgepixels in

thatwindow having differentlabelsis usedto constituteafour dimensionalfeaturevector

for theedgepixel in thecenterof thewindow. Thenasupportvectormachineis designed

ona labeledsetof four dimensionalfeaturevectors.Thesupportvectorsgeneratedin the

designprocesscorrespondto cornerpoints.

A four dimensionalfeaturevectordescribinganedgepixel is constructedin the fol-

lowing way. Consideringa
Q , Q window aboutanedgepixel Ô � , thenumberof other

edgepixels within this
Q , Q window which have directions0, +45, 90, and-45 are

counted. Let this countsbe ��é � � ;�ê�ë � �½ì�é , and ��Á ê�ë respectively. Let the direction for

pixel Ô � itself be
/ � ~ v [^� �X� _	��Ð	[^�TO � _ { which is themajority of thecounts.Thepixel is

assignedaclassdenotingits own directionof maximumgradient,thusobtainingalabeled

datasethaving four classes.Thusthe featurevectorfor pixel Ô � is
Ä ��é � � ;�ê�ë � �½ì�é � ��Á ê�ë Å

andclasslabel is
/ � . It may be notedthat for a non-corneredgepixel, all other edge

pointsin the
Q , Q window aboutit hasthesamedirectionasitself. As a consequence

only oneof the [ , � � , ��ì�é , O(� is non-zeroandtheotherthreearezero.While for corner

points multiple of thesecountsare non-zerowhich in shown in Fig. 3.22. A support

vectormachine(SVM) is thendesignedon this data. It is evident on analysisthat the

featurevectorsfor non-cornerpointswill be interior pointsandthosefor cornerpoints
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m X m window

corner
pixel

direction=+45

direction=+45

m X m window

non-corner
pixel

Feature vector(0,+45,90,-45)=
[0,2,0,0]

Feature vector(0,+45,90,-45)=
[0,1,0,1]

(a) (b)

direction=+45 direction=-45

Figure3.22:Computationof gray-level changes.
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Figure3.23:Visualizationof thedistributionof cornerandnon-cornerpoints.

will bepointsneartheclassboundariesandcorrespondto thesupportvectors.Thusthe

supportvectorpointsgeneratesthe cornerpixels. Thusif oneconsidersthe scatterplot

of thesefour dimensionalfeaturevectors,the non-cornerpoints lie on the axesandare

interior pointsof thecorrespondingclass,while thecornerpointsareoff-axis pointsand

constitutetheboundaryregionof theclassasshown in Fig. 3.23.

Thecornersobtainedby theproposedalgorithmarevisually comparedwith thepop-

ular Harriscornerdetectorfor two graylevel images.

3.6 Conclusion

A fuzzy settheoreticapproachfor detectionof cornersis proposedin this chapter. The

proposedalgorithmdoesnot requirecomputationof chaincodesor complex differential
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Figure3.24: Cornersobtainedfor thehouseimageusing(a) Harrisand(b) SVM based

cornerdetectors

Figure3.25: Cornersobtainedfor theblocksimageusing(a) Harrisand(b) SVM based

cornerdetectors
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geometricoperators.Experimentshave beenperformedon varioustypesof imagesto il-

lustratetheefficiency of theproposedalgorithm.Thealgorithmperformsreasonablywell

underdifferentimagingconditionslikechangesin illumination,blurring,etc.

Cornerdetectionhasbeenconsideredan importantproblemdueto its wide applications

in theareaof imageprocessingandandcomputervision. Therearemany cornerdetector

algorithmsreportedin theliterature.In mostof thecases,theperformanceonthedetector

aredependenton several tuning parameters.Selectionof right parameters,suitablefor

particularimageis extremelyimportant. In thepresentcase,a new methodof selection

of tuning parametersis proposed,basedon the pixel contrasthistogramplot. However,

the algorithmmaybe further refined,so that the parametersmay be selectedadaptively

for thresholdingandincreaseits suitability. To copeupwith theproblemslike,parameter

tuningandcomputationalcomplexity, analternative classificationbasedapproachusing

SVM, hasalsobeenstudied,which incorporatesimplicit learningcapabilities.Thealgo-

rithm performscornerdetectionby learningon a givenimage. TheSVM basedmethod

is fasterthanthe fuzzy approach.The resultsobtainedarequite satisfactory. Extensive

experimentsmay result in goodperformancefor a wide rangeof imagesand increase

suitabilityandrobustnessof theproposedmethodology. Thisstudymaybeextendedasa

futurescope.

The cornerpointsandthe pointsnearaboutto it, holdsa greatpotentialin generat-

ing perceptuallysignificantinformation. Significantfeaturescomputedfrom thesehigh

curvaturepointscanbeuseddirectlyfor characterizinganimagefor imageretrieval appli-

cation. As high curvaturepointsdepictperceptuallysignificantinformationof an image

with limited numberof pixels, local color informationof thesepointsmay be incorpo-

ratedalsowith spatialinformation. However by combiningsomeglobal(i.e.,combining

propertiesfrom all regions)onecanhaveaCBIR systemby representingimagesasacom-

binationof significantlocalaswell asoverallsemanticdescriptionof animage.An image

retrieval systemusingthesepoints,maybeacosteffectiveproposition.Thisproblemhas

beenaddressedin thenext chapter.



Chapter 4

Retrieval of Color Imagesusing

Significant Featuresand their

Evaluation with FuzzyModel

4.1 Intr oduction

It is verycommonto seethatmostof thenaturalimagescontainedgesandcornerswhich

arelocally definedby their positions.Thesefeaturesarevisually significantandencode

a greatproportionof informationcontainedin the image,with limited numberof pixels.

Humanvisual systemis highly efficient in selectingsuchsignificantfeaturesfrom an

image,which maybeusedto evaluatesimilarity betweenimages[53], [215]. This may

leadto acomparatively fastandcheapermechanismfor imageretrieval.

In this chapter, a color imageretrieval schemehasbeenproposed,which incorporates

significantinformationfrom thehighcurvaturepoints,for characterizinganimage.

In general,the notion of similarity betweenimagesis dependentboth on local (object

level representation) andglobal (imagein total) view. For this reason,a large number

of CBIR approachesemploy detailedregion representationvia different segmentation

techniques[218], [51], [138] for imageretrieval task.As alreadymentionedin chapter2,
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thatalthoughsegmentationis importantfor effective characterizationof an image,but it

is a difficult taskwithoutaprior knowledgeabouttheobjectspresentin animage.

Insteadof detailedregion representation,the informationin the locality of a cornermay

beconsideredasa meaningfullocal featuredescriptor. Informationobtainedfrom these

significantpointsmay be combinedwith someglobal measurementsto generatebetter

representationof animage.

The main focus of researchin the previous problemwas to generateefficient feature

descriptors,rich in visuallysignificantinformationandrobustto differenttransformations

like blurring, illumination changes,etc. With the extractedvisually significantpoints

designatedaspointsof interest(poi), a CBIR problemasapplicablein color imagesis

dealtin this chapter.

Although extensive researchon CBIR hasbeenperformedover decades,it hasnot

beenpossibleto achieve desiredaccuracy from a fully automatedCBIR systembecause,

of semanticgap.A detailedreview hasbeenmadein chapter1. In animage,eachfeature

triesto captureonly oneaspectof theimagepropertysuchas(color, texture,shape,etc.).

In conventionalCBIR approaches[107], [144], [43], [70], [103], [36], [50], [147] an

imageis usuallyrepresentedby a setof features,wherethefeaturevectoris a point in a

multidimensionalfeaturespace.It is thereforerequiredto selecttheoptimalsetof features

suitablefor aparticulartypeof query, in whichthecomponentfeaturesmayalsobevaried

accordingto its importancebasedon user’s feedbackfor generatingbetterresults.

ThemotivationbehinddevelopingtheproposedCBIR systemcouldbeexplainedin

the following way. Featureextraction is oneof the most importantpart in designinga

CBIR system.The featuresshouldbewell separatedin the featurespace.This require-

mentleadsto selectionof nonredundantoptimalsetof features,basedon someinforma-

tion criteria.For aquery, theimportanceof thecomponentfeaturesof theselectedfeature

set,may further be variedby a suitableweighting factorbasedon the user’s relevance

feedbackto improvetheretrieval accuracy.

Theproposedtechniqueis basedon theassumptionthattwo visually similar imageswill
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havesimilarvisualcharacteristics.

The proposedmethodologyincludesthreeparts. In the first part, the clustersextracted

arounddifferent typesof curvaturepoints (sharp,medium,weak) as explainedin the

previouschapter, serveasthecandidatepointsfor computationof features.Invariantmo-

mentsof theextractedpoint setsareusedfor similarity evaluation.Besidethesefeatures,

someglobalmeasurementsarealsoconsideredto improve theresultsfurther, astheno-

tion of similarity is dependentonbothlocal (significantcurvaturepointsandaround)and

global(imagein total) view.

In thenext part,a featurerankingof theextractedfeatureshasbeenmadeto select,a set

of relevantandnon-redundantfeaturesbasedon themutualinformationcriterion. From

which it is shown, thatnot only thefeaturesfrom thesignificantlocationsaresufficient,

but alsothespatialandcolor informationof thetotal imageis necessaryto generatesubtle

discriminationbetweenimages.Thissetof featuresareusedto retrieveimagesin thefirst

pass.

In thethird part,afuzzyentropy basedfeatureevaluationmechanism[153] is proposedto

enhancetheaccuracy of thesystembasedonuser’sfeedback.Theusermarkstherelevant

andthe irrelevantsetof imageswithin the retrievedset. The individual featureweights

areupdatedusinga measureknown asfuzzy featureevaluationindex (FEI) [153]. This

valueis computedfrom the ’intrasetambiguity’ andthe’intersetambiguity’ asobtained

from therelevantandirrelevantsetof images.Theresultsof theproposedmethodology

arecomparedwith thatof somewell known techniquesnamely, integratedregion based

approach[206], [51] andcolor histogrammethod[176]. Theresultshavealsobeencom-

paredin theframework of MPEG-7visualfeaturestandards.

The organizationof the chapteris as follows: A brief discussionon imageretrieval

methods,usingvisuallysignificantpointsandrelevancefeedbackmechanismin provided

in 4.2. In Section4.3,theproposedmethodologyis describedin details,while theexper-

imentalstepsandcorrespondingextensive resultsaredemonstratedin Section4.4. The

concludingremarksaregivenin Section4.5.
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4.2 Review of relevancefeedbackand imagecharacteri-

zation methods

This sectionprovidesa brief discussionon someof thefeatureextractiontechniquesand

relevancefeedbackmechanismusedin CBIR applications.

4.2.1 Imagecharacterization methods

Imagecharacterizationusedin CBIR, aremainlybasedon(a)globalfeaturebasedrepre-

sentation(b) region featurebasedrepresentation.In thefirst approach,globalhistogram(

color, textureorientation,entropy, etc.)areusedto representanimage[183], [62], [139].

Similarity betweenimagesarecomputedbasedonsomespecifieddistancemeasures[30].

Global representationgives a grossmeasurement.Imagescan be more preciselyde-

scribedby the local properties. In the region basedapproach,an imageis segmented

into significantregionsandeachregion maybetreatedseparatelyfor extractionof local

features[51], [43]. Theaccuracy of thesegmentationbasedtechniquesgreatlydepends

uponthemethodusedandtheapriori knowledgeaboutthetotalnumberof classespresent

in animage.Oneway of tacklinguncertaintyarisingout of segmentationerrorsmaybe,

to avoid aprior rigid segmentationandtry to estimatelocal featuresfrom visuallysignif-

icantpoints.

Fromthepsychovisualstudies[123] it hasbeenobservedthat,highcurvaturepoints(cor-

ners)play a significantrole in characterizinganobject.Characterizingimageswith visu-

ally significantpoints(sharpcurvature)havebeensuccessfullyappliedin imagematching

andretrieval applications[121], [141]. A recentwork on optimaluseof color pointsof

interestfor CBIR is proposedin [76]. Detectionof significantpointsbasedontheanalysis

of statisticsof color derivativeshasbeenrecentlyproposedin [209]. Mikolajcvzykpro-

posedaninterestpointdetectorinvariantto affinechanges[141] wherematchingbetween

two imagesaremadefrom determiningpoint to point correspondence.In [122], Scale

InvariantFeatureTransform(SIFT), invariantfeatureshave beenproposed,which have
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goodapplicationsfor objectrecognition.An imageretrieval techniquein which local fea-

tures( color, texture,etc. ) arecomputedon a fixedsizedwindow of regulargeometrical

shape,surroundingthecornerpointsis proposedby Loupiaset al., in [121]. Local image

representationsusingprunedsalientpointsfor applicationsto CBIR hasbeenproposed

in [220]. In this approach,thefeaturesfor salientpointsrepresentlocal characteristicsof

that point so that the similarity betweenfeaturesindicatesimilarity betweenthe salient

points.

In caseof estimatinglocal featuresaroundsignificantcurvaturepoints,properselection

of thewindow sizeandshapeis necessary. A big window mayincorporatelot of insignif-

icantinformation(noise)alongwith significantinformation,whereasfor smalloneslot of

importantinformationmaybeleft out. Sotheapproachof fixedwindow selectionmaynot

alwaysguaranteethebestresult. Thecurvaturepointsmaybeof differenttypes(sharp,

medium,weak). The characteristicsof sharpcurvaturepointswill be confinedwithin a

small region, but for that of mediumandweaktype the region will be larger. This fact

indicatesthat,selectionof setof pointsof interest(poi) basedonthecurvaturetypecould

beabetterapproach.

4.2.2 Relevancefeedbackmechanism

Effective relevancefeedbackmechanismhasalsobeenidentifiedasan important[178],

[224], [80], [45], [214], [192], [117] problem,usedto bridgethesemanticgap.Majority

of the relevancefeedbackmethodsemploy two approaches[177], [178] namely, query

vectormoving techniqueandfeaturere-weightingtechniqueto improve retrieval results.

In the first approach,the queryis reformulatedby moving the vectortowardspositive /

relevantexamplesandawayfrom thenegativeexamples,assumingthatall positiveexam-

pleswill clusterin thefeaturespace.Featurere-weightingmethodis usedto enhancethe

importanceof thosecomponentsof a featurevector, that help in retrieving relevant im-

ages,while reducingthe importanceof thefeaturesthatdoesnot help. However in such
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cases,theselectionof positive andnegative examples,from a small numberof samples

having largenumberof features,still remainasaproblem.

In MARS, [177] afeatureweightis determinedby examiningthevarianceof thefeatures,

acrossthe setof retrieved imagesmarked asrelevant by the user. Relevancefeedback

techniquesin CBIR, havemostlyutilized informationof therelevantimagesbut havenot

madeuseof theinformationfrom irrelevantimages.Zin et al., [94] haveproposeda fea-

ture re-weightingtechniqueby usingboth therelevantandthe irrelevant information,to

obtainmoreeffective results.

Recently, relevancefeedbackis consideredasa learningandclassificationprocess,us-

ing classifierslikeBayesianclassifiers[203], neuralnetwork [165], etc.However trained

classifiersbecomelesseffective when the training samplesare insufficient in number.

To overcomesuchproblems,active learningmethodshave beenusedin [85]. Our pro-

posedmethodusestheconceptof combininginformationfrom both relevantandirrele-

vantimages,returnedto theuser. Theaimof relevancefeedbackapproachesis to develop

new methodsfor iterative improvementof theresults,basedon a particularsetof image

features.However, generationof satisfactoryresultseven from the first setof retrieved

imagesis alsodesirable.This necessitatesdevelopmentof suitablelow costfeatureex-

tractionmethods,for betterrepresentationof images.

4.2.3 Definitions and formulations used

The imagepropertiesusedin the featureextractionandfeatureevaluationmethodsare

explainedin this section.

fuzzyentropy: Theentropy of a fuzzy sethaving � pointsis definedas[155],

í D } G 7 D ��ïî�ðe� G �
ñ y DVB D 6 � G5G ò Ü 7 ��� � ]b]�] � (4.1)

wheretheShannon’s function, D ñ y B
D 6 � G G =-B
D 6 � G lnB
D 6 � G - v 1-B
D 6 � G { ln v 1-B
D 6 � G { . Entropy

isdependentontheabsolutevaluesof membership(B ) andsatisfiestheproperties,
í C �³y 7
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[ for B =0 or 1,
í C 03¼E7 � for B =0.5

Invariant moments:

Momentsarea globaldescriptorof a shapewith invarianceproperties[75]. Themo-

ments
QKó3ô

of orderp andq of a function Ý D 6 � » G for discreteimages,areusuallyapproxi-

matedas,

QKó3ôõ7 ¼ ö 6 ó » ô Ý D 6 � » G (4.2)

Thecentralizedmomentsareexpressedas,

B ó�ôõ7 ¼ ö D 6 OI÷6 GtD » OI÷» G Ý D 6 � » G (4.3)

where ÷6 = CeøbùCÕù¶ù , ÷» = CÕù@øCÕù¶ù
Thecentralizedmomentsuptoorder2 areexpressedas,

B é�é 7 Q é�é
B w�é 7 Q w�é O CûúøbùC ù¶ù
B é�w 7 Q é�w O C úù@øCaù¶ù
B 9�9 7 Q 9�9 O Cõøbù üÀCaù@øCÕù¶ù

(4.4)

Thenormalizedcentralmomentsarecomputedas,

ý ó3ôõ7 B ó�ô
B�þé�é (4.5)

whereÿ 7 ó ; ôw � � for Ô ��� = 2, 3,.... A setof sevenmomentsinvariantto translation,

rotationandscalecanbe computedfrom ý ó�ô . Of which the invariantmoments( u 9 ) is

consideredfor theproposedfeatureextractionrepresentedas(4.6).

u 9­7 ý w�éû� ý é�w (4.6)
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4.3 The proposedmethodology

Thefeatureextractionandfeatureevaluationalgorithmsusedin theproposedtechnique

may be explainedas follows. We obtain a numberof clustersof significantcurvature

points(signature),whosecentroidalmostrepresentthe stablecornerpoint. This setof

pointscanbeconsideredasthereducedrepresentative setof theoriginal image.Thede-

tailedmethodologyfor extractionof significantpointshasbeenexplainedin Chapter3. A

setof relevantandnonredundantfeaturesis selectedusingthemutualinformationbased

minimum redundancy-maximumrelevancecriterion. The importanceof the individual

featurecomponentis evaluatedfrom fuzzyfeatureevaluationindex (FEI) andtheweights

areupdatedbasedon the(FEI) values.

In the presentwork, thresholding̀ < , of equation3.1, at values(B <>9 D�FXGï�«[^]V_ ) are

not consideredbecause,this mayselectlot of spuriouscurvaturepointsalongwith high

andmediumtypeandreducetheaccuracy of thetechniques.Thepointsextractedashigh

curvaturepointsfrom theedgemap
� <3� with B <>9 D�FXGaY�[^]bÒ arechosenfor computationof

features,which characterizethe perceptuallysignificantregions. Experimentally, better

resultsarefoundwith valuesB <©9 D�FEGõY [^]V_ , typically greaterthan(.6, .7, .8). Theimage

is representedby a signatureconsistingof a setof clusters,v £�� = Q � , Ú
C�� { where
Q �

representsthespatiallocationsof thefraction Ú
C�� of pixelsthatbelongto eachcluster.
H

rangesfrom oneto thenumberof clustersextractedfrom theedgemap.

Theextractedsignaturefor someimagesareshown in Figs. 4.1,4.2,4.3. Theproce-

dureis implementedfor color imagesby convertingRGB planeto HSI andconsidering

only theintensitycomponentfor detectingthesignificantpoints.

4.3.1 Computation of color momentsat selectivepoints

Color momentshave beenvery successfullyusedin many retrieval systemslike QBIC

[62], [70], [44]. Color imagecanbespecifiedby tristimulusvalues(RGB,LUV, YCrCb

etc.) whereeachimagecan be split into independentimageplanescorrespondingto
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differentattributesof animagenamelyhue,intensity, etc.Thefirst order(mean),thesec-

ond(variance)have beenprovedeffective for representingcolor distributionsof images.

Amongthedifferentcolormodelsreportedin literature,normalizedrgbrepresentation,il-

luminationandviewing geometryinvariantrepresentations,which mostlybelongto HSI

family of color modelarepopular. In additionto thesetraditionalcolor spaces,new in-

variantcolor models( £ 9 , £ w , £�� ) have beenproposedin [69] which discountstheeffectsof

shadingandshadows also. We have chosenthe ( £ 9 , £ w , £�� ) invariantfeaturemodelwhich

aredefinedin thefollowing (4.7).Thismodelis ableto denotethedifferencebetweentwo

colors,basedon their perceptualdifference.Invariantcolor representationarepopularly

usedin CBIR. However, thesemodelshaveshortcomingsundercertainsituations,dueto

lossof discriminationpoweramongimages.TheRGBplaneis convertedto ( £ 9 , £ w , £�� )
£ 9 7 S ¬z£�¥ S � D�Ø � Q%ST6 D
	�����G G
£ w 7 S ¬z£�¥ S � D
	 � Q%ST6 D�Ø ����G G
£�� 7 S ¬z£�¥ S � D
� � Q%St6 D�Ø ��	XG G

(4.7)

The imageis characterizedin the following manner. The invariantmoment( u 9 ) as

shown in section4.2.3,computedfrom thelocations(poi), will helpto identify colorsim-

ilarity of theperceptuallysignificantregions.Invarianceof momentsensuresbetterresults

for separateobjects,thanthedescriptionusedfor theimage.However, thefeaturesfrom

(poi) maybeusedto produceefficient matchingbetweenimages,dueto inherentstruc-

tural information. Naturalimages(consistingof differentobjects),aremoreof semantic

significance. Consideringthesefacts,additionalfeaturesare computed,taking all the

pointsover thecomponentplanes.The combinedsetof features,would beableto pro-

vide bettersemanticrepresentation.Theproposedfeaturevectorhassix componentsas

representedin (4.8).

Ý 4�7 v^u 94 D ñ 2 G {�� 4 ¾ 9 (4.8)

ñ 2
representsthe componentplanes. u 94 are the invariantmomentscomputedusing

equations,(4.2) to (4.6). For á = v 1,2,3{ , Ý D 6 � » G�� A = v £ 9 , £ w , £�� { valuesrespectively, of



4.3The proposedmethodology 116

all points D 6 � » Ge~ Æ ,�È . For á = v 4,5,6{ , Ý D 6 � » G�� A = v £ 9 , £ w , £�� { valuerespectively, for

D 6 � » Ga~ Ú
C H (clusters)anddefaultwhite (1) for otherlocations,asshown in Fig. 4.1(b).

The featurevector is representedas, � = [ Ý 9 � Ý©w � Ý �t� Ý ê � Ý ë � Ý � ]. The similarity between

imagesareevaluated,from measuringEuclideandistancebetweenthefeaturevectors.

4.3.2 Featureselectionmethod

For naturalimages(consistingof differentobjects)therepresentationobtainedfrom cor-

nersignature,althoughimportantbut maynot besufficient for discriminatingthemfrom

othercategories.To show this, theextractedfeatureshave beenrankedusinganoptimal

classifier. Theminimumredundancy-maximumrelevancebasedfeatureselectionmethod,

proposedbyBattiti [25], isusedto extractasetof nonredundantandrelevantfeatures.The

relevanceof a featurewith respectto theclassandtheredundancy betweentwo features

arecalculatedusingthemutualinformation.To calculatethemutualinformation,theval-

uesof eachfeatureis thresholdedusing B (mean)and � (standarddeviation): any value

larger than B ���½�à� is transformedto state1; any valuebetweenBoO �½��� and B ���½���
is transformedto state0; any valuesmallerthan B%O �½��� is transformedto state-1. To

evaluatethe effectivenessof the selectedfeatures,the leave-one-outcrossvalidation is

performedusing the C4.5 baseddecisiontree algorithm [166]. The C4.5 is a popular

decisiontree-basedclassificationalgorithm. It is usedfor evaluatingtheeffectivenessof

reducedfeaturesetfor classification.Theselectedfeaturesetarefed to C4.5for building

classificationmodels.TheC4.5is usedherebecauseit performsfeatureselectionin the

processof training andtheclassificationmodelsit builds arerepresentedin the form of

decisiontrees,whichcanbefurtherexamined.

This approchhasbeenpopularlyusedfor efficient imagecharacterization.The featuresÄ Ý 9 � Ý>w � Ý �T]�]b]�� Ý � Å areevaluatedon all imagesof the (SIMPLIcity) databasewhich consist

of imagesfrom 10 differentsemanticcategories.As seenfrom theclassificationresults,

of Table4.1andTable4.2,thatadditionof thecomponentsÝ ê , Ý ë , Ý � with thecomponents

of Ý 9 , Ý©w , Ý � improvestherecognitionscore.This impliesthatcombinationof local prop-
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erties(information from cornersignature)andglobal moments(consideringall points)

areimportantfor effectivecharacterizationof animage.However thefeatureÝ ë , Ý � alone

donottakesignificantpartin improving therecognitionscore.

The features[ Ý 9 ... Ý � ] areinvariantto rotation,translationandscalingby definition as

explainedin section.4.2.3.To testtherobustnessof thefeaturesagainstnoise,we inject

noiseatdifferentlevelswith SNRrations(50dB,20dB,0dBand-10dB)on thequeryex-

amplesof aparticulartype.Weaddthis classof imagesinto thedatabaseimagesto form

a separatenoiseinjectedclass.We label theclassaslevel 10. Theerror ratefrom such

classis alsoshown in Table4.1andtable4.2. This indicatesthat theproposedfeatureis

notnoiseinvariant.

It hasbeenmentionedthatinvariantrepresentationscancoverawide rangeof perceptual

variations,but at thesametime lacksdiscriminationpower amongimages.With thefea-

tures Ý 9 ... Ý � computeddirectly from the RGB plane,i.e., without usingequation(4.7)

betterrecognitionhasbeenobtainedfor someclasses,even for the noiseinjectedcase,

asshown in Table4.3andTable4.4. We have designatedthefeatureset
Ä Ý 9 � Ý©w � Ý �1]b]�]b� Ý � Å

ascomputedfrom ( £ 9 , £ w , £�� ) modelusing(4.7)asset(A1), andthosecomputeddirectly

from RGB planeasset(B1). Therecognitionscoreasobtainedfrom both thecasesare

shown in Tables4.1- 4.4.

4.3.3 Estimation of relativeimportanceof differ ent featuresfr omrel-

evancefeedback

An effective relevancefeedbacksystemshouldprovide solutionsabouthow to learnand

accumulateknowledgefrom small setof feedbackimages.Eachtype of visual feature

tendsto captureonly oneaspectof theimageproperty. It is hardto specifyhow different

aspectsareto becombinedto form a query. In theproposedapproach,we combinedis-

criminantinformationfrom therelevantandirrelevantsetof retrievedimages,to evaluate
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Table4.1: set(A1), classifiedas

feature:: 1 rank::3

feature:: 2 rank::2

feature:: 3 rank::1

feature:: 4 rank::-1

feature:: 5 rank::-1

feature:: 6 rank::-1

Errors:: 236(23.2percent)

Image D S G D Û G D�£µG D / G D ` G D Ý G D�æ�G D
�ªG D Ü G D��xG D H G
class0 77 2 3 2 12 3 1 1 (a)

class1 1 75 4 1 3 5 11 (b)

class2 7 1 57 8 5 7 13 2 (c)

class3 1 3 88 5 2 (d)

class4 5 1 94 (e)

class5 9 2 4 2 3 74 1 1 1 3 (f)

class6 2 9 53 4 32 (g)

class7 1 1 1 97 (h)

class8 1 16 6 5 1 3 1 66 1 (i)

class9 3 3 2 2 4 2 84 (j)

class10 10 9 (k)



4.3The proposedmethodology 119

Table4.2: set(A1), classifiedas

feature:: 1 rank::3

feature:: 2 rank::2

feature:: 3 rank::1

feature:: 4 rank::4

feature:: 5 rank::-1

feature:: 6 rank::-1

Errors:: 160(15.7percent)

Image D S G D Û G D�£µG D / G D ` G D Ý G D�æ�G D
�ªG D Ü G D��xG D H G
class0 93 1 2 3 1 (a)

class1 3 86 4 1 4 2 (b)

class2 5 7 74 5 1 2 1 3 2 (c)

class3 1 2 91 3 2 1 (d)

class4 2 97 1 (e)

class5 5 2 6 2 2 79 2 1 1 (f)

class6 1 2 4 2 79 2 1 1 (g)

class7 1 1 97 1 (h)

class8 2 12 3 3 1 2 1 1 75 (i)

class9 3 2 4 2 1 10 2 76 (j)

class10 10 9 (k)
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Table4.3: set(B1), classifiedas

feature:: 1 rank::3

feature:: 2 rank::1

feature:: 3 rank::-1

feature:: 4 rank::2

feature:: 5 rank::-1

feature:: 6 rank::-1

Errors:: 204(20.0percent)

Image D S G D Û G D�£µG D / G D ` G D Ý G D�æ�G D
�ªG D Ü G D��xG D H G
class0 82 3 2 2 2 6 1 2 (a)

class1 4 69 4 8 7 7 1 (b)

class2 9 6 76 3 5 2 1 1 (c)

class3 6 9 5 72 4 3 1 1 (d)

class4 98 2 (e)

class5 4 6 3 2 70 5 4 6 (f)

class6 2 1 2 3 84 1 5 2 (g)

class7 3 1 6 76 14 (h)

class8 3 3 3 5 1 10 2 73 (i)

class9 10 2 3 1 3 6 1 1 72 1 (j)

class10 18 (k)



4.3The proposedmethodology 121

Table4.4: set(B1), classifiedas

feature:: 1 rank::3

feature:: 2 rank::1

feature:: 3 rank::4

feature:: 4 rank::2

feature:: 5 rank::-1

feature:: 6 rank::-1

Errors:: 189(18.6percent)

Image D S G D Û G D�£µG D / G D ` G D Ý G D�æ�G D
�ªG D Ü G D�� G D H G
class0 82 1 3 2 2 6 4 (a)

class1 1 70 5 9 5 8 2 (b)

class2 5 4 81 3 2 2 2 1 (c)

class3 6 3 7 75 5 3 1 (d)

class4 100 (e)

class5 4 5 3 1 74 5 3 5 (f)

class6 3 4 2 88 3 (g)

class7 1 8 76 2 15 (h)

class8 1 3 5 6 1 1 1 2 80 (i)

class9 7 3 2 4 2 3 6 1 1 70 1 (j)

class10 1 17 (k)



4.3The proposedmethodology 122

theimportanceof individualcomponentsfor aparticularquery.

Let an imagedatabase
ñ < be composedof

/
distinct images,� = v�� 9 , �5w ,...,� < { where

� ~ ñ < . For a query � ô W , the retrieval decisioncan be madeby measuringsimilarity

betweenthe featurevectors,basedon somespecifieddistancemeasure.The image � is

representedby a setof features� = v^Ý ô { Ùô ¾ 9 , where Ý ô is the qth featurecomponentin

the È dimensionalfeaturespace.The commonlyuseddecisionfunction for measuring

similarity betweenthequeryimage � ô W andotherimages� , is representedas,

� ��� D � � � ô WµG 7 Ùô ¾ 9 Ú
ô Þ�Þ Ý ô D � G�O Ý ô D � ô W©G Þ Þ (4.9)

where Þ�Þ Ý ô D � G�O Ý ô D � ô W©G Þ�Þ is theEuclideandistancebetweenthe � ¥�� componentand Ú ô is

theweightassignedto the � ¥�� featurecomponent.Theweightsshouldbeadjustedsuch

that, thefeatureshave small variationsover therelevant imagesandlargevariationover

theirrelevant images.Let
H

similar images��� = v�� 9 , �5w ,...,� � { where, � �Ì~ ��� , arereturned

to the user. Let � W be the setof relevant imagesand � � W be the setof irrelevant images

asmarked by the user. � W = v�� ±ÌÞ �5± relevant, for � ± ~ ���©{ and � � W = v�� ±�Þ!� ± irrelevant,

for �5± ~ ���©{ . The information from � W and � � W are combinedto computethe relative

importanceof theindividual featues,from fuzzy featureevaluationindex (FEI) proposed

by Pal et al., [153], [154] in patternclassificationproblems.

Featureevaluation index

The fuzzy measure(FEI) is definedfrom interclassand intraclassambiguitiesand ex-

plainedasfollows. Let Ã 9 , Ã­w ,.... Ã�± ... Ã C bethem patternclassesin anN dimensional

( Ý 9 � Ý©w � Ý ô �T]�]b] Ý Ù ) featurespacewhereclassÃ�± contains,�½± numberof samples.It is shown

thatthevalueof theproposedmeasure,
í ô ± (fuzzyentropy) [155] asexplainedin section

4.2.3givesa measureof ’intrasetambiguity’ alongtheqth co-ordinateaxis in Ã�± . The

entropy of a fuzzyset,having �l± pointsin Ã�± is computedas,

í D } G 7 D ��½±Nîbð
� G �
ñ y D�B#" Ý�� ô ± G G5ò Ü 7 ��� � ]�]b] �l± (4.10)
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wheretheShannon’s function, D ñ y B
D Ý©� ô ± G G =-B
D Ý©� ô ± G lnB
D Ý©� ô ± G - v 1-B
D Ý�� ô ± G { ln v 1-B
D Ý©� ô ± G {
For computingH of Ã�± alongqth componentasdescribedin section4.2.3,a standard

S-typefunctionis consideredandtheparametersaresetas,

Û 7 D Ý ô ± G S%$
£ 7 Û*� Q%ST6 v�Þ D Ý ô ± G S�$ O D Ý ô ± G Q%ST6 Þ � Þ D Ý ô ± G S%$ OID Ý ô ± G Q Ü � Þ {S 7 �	Û O £

(4.11)

where D Ý ô ± G S�$ , D Ý ô ± G Q%ST6 , D Ý ô ± )min denotethemean,maximumandminimumvaluesre-

spectively computedalongthe qth co-ordinateaxis over all the �½± samplesin £ ± . Since

B
D Û G =B
D Ý ô ± G S�$ =0.5,thevaluesof
í

are1.0at Û 7 D Ý ô ± G S%$ andwould tendto zerowhen

movedawayfrom Û towardseither £ or
S

of theSfunction.SelectingÛ = D Ý ô ± G S�$ indicates

that,thecrossover point is nearto thequeryfeaturecomponent.Higherthevalueof
í

,

morewouldbethenumberof sampleshaving B
D Ý G equalto 0.5.This indicatesthat,more

would be thetendency of thesamplesto clusteraroundthemeanvalue,resultingin less

internalscatterwithin theclass.After combiningtheclassesÃ�± and Ã � themean,maxi-

mumandminimumvalues D Ý ô � ± G av, D Ý ô ± �1G max, D Ý ô ± �1G min respectively of qth dimension

over thesamples(�l± + � � ) arecomputedsimilarly, where� � arethesamplesin classÃ � .
Thecriteriaof a goodfeatureis that,it shouldbenearlyinvariantwithin class,while em-

phasizingdifferencesbetweenpatternsof differentclasses[153]. Thevalueof H would

thereforedecrease,aftercombining Ã�± and Ã � asthegoodnessof theqth featurein dis-

criminatingpatternclassesÃ�± and Ã � increases.Themeasuredenotedas
í ô ± � is called

”intersetambiguity” along ��&
º

dimensionbetweenclassesÃ�± and Ã � . Consideringthe

two typesof ambiguities,theproposedFeatureevaluationindex (FEI) for theqth feature

is,

D � � � ô G 7
í ô ± �í ô ±*� í ô � (4.12)

Thelowerthevalueof � � � ô , thehigheris thequalityof importanceof theqth feature

in recognizingand discriminatingdifferent classes. The precisionof retrieval can be

improvedwith thesevalues.
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In theproposedalgorithm,thenumberof classesaretwo. Therelevantimagesconstitute

the (intraclass)and the irrelevant imagesconstitutethe (interclass)imagefeatures. To

evaluatethe importanceof the � ¥�� feature,the � ¥�� componentof theretrievedimagesis

considered.i.e., � "
ô('

= v�� "
ô('9 , � "

ô('
w , � "

ô('
� ,, ....� "

ô('
� {í ô ± is computedfrom � "

ô('
W = v�� "

ô)'
W 9 , � "

ô('
W w , � "

ô('
W�� ,, ....� "

ô('
W�� { . Similarly

í ô � is computedfrom

thesetof images,� "
ô)'
� W = v�� "

ô('
� W 9 , � "

ô('
� W w , � "

ô('
� W
� ,, ....� "

ô('
� W�� { . í ô � ± is computedcombiningboth the

sets.Imagesarerankedaccordingto Euclideandistance.Theusermarkstherelevantand

irrelevantsetfrom 20returnedimages,for automaticevaluationof (FEI).

Effect of samplesizeon evaluating importance

We addressthe issueslike, how to managewith limited numberof returnedimages,to

extract discriminantinformation. The relevant featurecomponentsare expectedto be

closerin the featurespacethanthe irrelevantcomponents.Hencebandwidthdefinedas,

�õW = £ ô ± O S1ô ± of thestandard
ñ OÏ¥ » Ô ` functionfor computingintrasetambiguityis small.

In thecaseof computing
í ô � or

í ô ± � , themembershipvaluesspreadoverawiderrangein

thefeaturespace.This indicatesthatfeaturesmarkedasirrelevant,alsohavesignificance

in evaluating D � � � G . To study the effect of imagesamplesizeon the FEI values,we

combinetwo distinct categoriesof images.We mark category (1) asrelevantandthose

from category (2) asirrelevant.We increasethesamplesizeof therelevantandirrelevant

images(double,triple, half, etc). We alsotestwith othercombinations.TheFEI values

computedfrom differentcombinationsareshown in Table. 4.5. As seenfrom the table,

the(FEI) valuesindicatesameorderof importancefor all thecases.We considerfirst 20

imagesfrom eachiterationandselectonly thoseimagesas(intraset),which arevisually

verycloseto thequery. Therestareconsidered(interset).

Adjustment of weights

The markingof relevant andirrelevant imagesis subjective. Onemay emphasizemore

on similarity betweenone feature(e.g., color) than someother features( e.g., shape),
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whencomparingtwo images.Accordinglytheweightsneedto beadjusted.Let thequery

featurevectorbe representedas � . The individual componentsof relevant imagesare

expectedto varywithin asmallerrangesay( * ). Theseimagesmaybecharacterizedas,

� W 7 v��5± ~ ��� §
+ Ý ô
Þ � Þ � * { (4.13)

In thefirstpass,all featuresareconsideredtobeequallyimportant.HenceÚ 9 =Ú w ,...=Ú ô =1.

The featurespacesof the relevant imagesarethereforealteredin a similar fashionafter

updatingthe componentswith Ú ô . As a result,the ranksof the relevant imagesarenot

affectedmuch. For irrelevant images,onefeaturecomponentmay be very closeto the

query, whereasotherfeaturecomponentmaybefaraway from thequeryfeature.But the

magnitudeof thesimilarity vectormaycloseto therelevantones.Theseimagesmaybe

characterizedas,

� � W 7 v��5± ~ ��� §
+ Ý ô 9
Þ �'Þ , * S � /

+ Ý ô w
Þ �'Þ - *�{ (4.14)

After the featuresof the queryandthe storedimages(
ñ < ) have beenupdatedwith the

FEI values,theweightedcomponentsareexpectedto dominateover featurespacesuch

that, the rank of the irrelevant onesarepulled down. We have testedthe results,from

updatingtheweightswith Ú ô = � � � ô w , 9.0/ õ�1 w andobtainedbetterresultsfrom Ú ô = � � � ô w ,
in majority of the cases.Intuitively this dependson how the combinationof important

featuresdominateover theothersfor a particularquery. As seenfrom thesection4.3.3,

theimportanceof theindividualcomponentsis decidedautomaticallyfrom thedecreasing

orderof the(FEI) values.In orderto furtherenhancetheeffect of theimportantfeatures,

we introduceanothermultiplying factor ¥ ô q to make the componentmore dominating.

Theweightsof theindividual featuresfor successive iterationsareexpressedasfollows ;

Ú ô q 7 ¥ ô q , D � � � ô q	G w (4.15)

wherethe valueof ¥ ô q arechosenas v ��]V[^��[^]�� { . The weightsfor the query resultsare

shown in Table.4.6.
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Anotherimportantissuein evaluatingsimilarity betweenimages,is how to managethe

weightedcomponentswithin thesimilarity function. Sincedifferentcomponentswithin

thefeaturevectormaybeof totally differentphysicalquantity, thepresenceof very large

valuesof somefeaturecomponentsmaybiasthesimilarity, in generatingthefirst setof

retrievedcandidates.Onesolutionis normalizationof the features[178], to ensurethat

individual componentreceive equalemphasis.The proposedfeatureset almostrepre-

sentthe samephysicalquantity (moments).Thereforenormalizationis not requiredin

computingEuclideandistancebetweenthefeaturevectors.

4.4 Experimentation

Theperformanceof imageretrieval systemis testedupontwo databases(a) SIMPLIcity

images(b) corel10000miscellaneousdatabasedown loadedfrom,

(http://bergman.stanford.edu/cgi-bin/ÚZÚ×Ú Ú S%$ ` ¦ ` S ¬ £�� ). SIMPLIcity Databasehas1000

imagesfrom 10 differentcategories( Africa, Beach,Buildings, Buses,Dinosaurs,Ele-

phants,Flowers,MountainsandFood). Eachcategoryis having around100imagesalong

with someimagesundergonechangesdueto (rotation,translation,scaling,noiseinjec-

tion, illumination, etc ). Our mainobjective is to designanefficient CBIR systemusing

simpletechniquesinvolving low costfeatureextractionmechanism.Momentsgenerate

acompactrepresentationwith fewernumberof features,comparedto othersophisticated

features. It may at the sametime yield poor resultsif queriesare of higher semantic

significance.The experimentsareperformedin the following manner. We startedwith

the proposedfeaturesetasexplainedin section4.3.1,andobtainedsatisfactoryresults

for almostall categoriesexceptfor few cases.In suchcasesbetterresultsareobtained

by computinginvariantmoments( u 9 ) directly from theRGB componentplaneswithout

using(4.7). We designatethefeaturesetascomputedfrom ( £ 9 , £ w , £�� ) modelusing(4.7)

asset(A1), andthosecomputeddirectly from RGBplaneasset(B1). Suchdifferencesin

performanceascanbeexplainedfrom thefactthat,theRGBcomponentsaresensitive to
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varying imagingconditionsbut have betterdiscriminatingpower amongimages.For an

unknown database,featureset(B1)becomesagoodchoicewhenthereis lessvariationin

theimagingconditionsor perception.Boththesetof featuresarecombinedin ahierarchi-

cal fashionin somecases,to testtheresults.TheIllumination invariantset(A1) is used

first to gettheshortlistedcandidatesaround(100images)andasecondsetof retrieval is

performedon theshortlistedcandidatesusingset(B1). Eachretrievedsetcanbefurther

subjectedto featureevaluationscheme,basedon relevancefeedback,for generatingstill

betterresults.

4.4.1 Performanceevaluation

The experimentalresultsare shown from Figs. 4.1 to Figs. 4.18. The resultsare ex-

plainedasfollows : Thesignatureof the imageof Fig. 4.1(a)is shown in Fig. 4.1(b)at

B <>9 D�FEG
YÉ[^]Vd . Similarly for Fig. 4.2(a),thesignaturesthresholdedat B <>9 D�FXG YÉ[^]Vc^��[^]Vd
respectively, areshown in Fig. 4.2(b), (c). The edgemapat B <>9 D�FXGïY:[^]VÒ andcorner

signatureof Fig. 4.3(a)is shown in Fig. 4.3(b), (c). The queryresultsof SIMPLIcity

databaseareshown in ( Figs. 4.4 - Figs. 4.8). Thesignatureis generatedat a threshold

valueof B <>9 D�FXGaYI[^]bd . Imagesaredisplayedfrom left to right accordingto theEuclidean

distance,with thetop left imageasthequeryimage.

The queryasshown in Fig. 4.4(a) is of a red flower, which is able to identify similar

imagesundergoneilluminationchanges.Theimagein Fig. 4.4(b)is from horsecategory.

Theprecisionobtainedis highandtheretrievedimageshavesimilarity in semantics.Fig.

4.5(a)shows the result,whenqueriedwith dinosaur. The precisionobtainedis highly

satisfactoryfor suchimageshaving distinctobjects.Thefeatureis fairly invariantto lin-

eartransformations.We mark the imagessimilar in shapeandcolor from Fig. 4.5(a)as

relevantandtherestasirrelevant.Thefurtherimprovementin precisioncanbeseenfrom

Fig. 4.5(b),from its ability to retrieveblurred,noisyimages(atposition4thand6th from

left) afterupdatingtheweightscalculatedfrom theFEI values.Theresultswhenqueried

with a flower(yellow) is shown in Fig. 4.6(a)asobtainedwith set(B1). Fig. 4.6(b) is
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obtainedfrom set(A1). The precisionobtaineddependsmoreon user’s judgment. Set

(A1) hasbeenableto retrieveimagesundergoneilluminationchangebut precisionis low.

Theimagesof this category have objectswith someregularity in shapeandbackground.

We markonly thoseimagesasrelevant from Fig. 4.6(a),which arevisually closeto the

query, both in (color andshape).The improvementafterupdatingthefeatureweightsis

observedin Fig. 4.7(a),(b) from retrieving moreflowerswith its literal color properties.

Thequeryin imageFig. 4.8(a)is from category of Africa, which hasmulti coloredand

texturedregions. The queryinvolvesmoreof semanticreasoningthancolor andshape.

Improvementin resultsafter featureevaluationhasbeenobserved in Fig. 4.8(b). As

seenfrom theresultsof Fig. 4.9(b),theprecisiondid not improvesignificantlyfrom Fig.

4.9(a). FromFig. 4.9(a),the imageshaving similar color combinationaremarked rele-

vant. However asseenfrom Fig. 4.9(b),thesemanticallysimilar imageshave attaineda

higherrank. FromFig. 4.10(a)it is seenthat,thequeryon bushasretrievedsomeflow-

ers,from theproposedfeatures.After markingtheflowersasirrelevantandemphasizing

moreon shapesignature,betterresultsareseenfrom Fig. 4.10(b)and4.10(c).FromFig.

4.11(a),we mark imagescloseto thecolor of thequery, asrelevantandarrive at results

shown in Figs. 4.11(b),Fig. 4.11(c).As seenfrom theresults,in eachiterationthenum-

ber of intrasetimagesareincreased.The resultsalmostconverge afterseconditeration,

which is a desirableproperty. However the initial precision,from which the resultsare

improved in subsequentstages,dependsmoreon the suitability of the proposedfeature

for aparticularquery.

The resultsobtainedfrom database(b) 10000miscellaneousimagesareshown in Fig.

4.12-4.13. The resultsof Fig. 4.12(a)show the retrieved candidatesby combiningthe

featuresin a hierarchicalfashion. Improvementin resultsis shown in Fig. 4.12(b). As

the query imageof Fig. 4.12(a)is a singleobject, the shapesignatureshouldbe more

discriminantin this case.To studythis,we haveset Ú 9 �3Ú w �5Ú2� = zero.Theresultfor this

observationis shown in Fig. 4.13(a).Theresultdid notvarysignificantlyfrom thatin the
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caseof Figs. 4.12(a).Theresultfor a query(scene)is shown in Fig. 4.13(b).Theresults

obtainedprovesto besatisfactoryfor retrieving scenes.

To evaluatetheperformanceof theproposedscheme,we have randomlychosenqueries

from eachcategory of SIMPLIcity dataset. Theaverageprecisionvaluefrom eachcat-

egory, after retrieving (10, 20, 40) imagesareshown in Table4.7. The performanceis

evaluatedin termsof precisionrategiven by the fraction of correctly retrieved images

within the retrieved set. It can be a betterchoice for an unknown database,because

for evaluatingthe recall ratethe numberof relevant imagesof a particulartype needto

known, which is difficult for a largedatabase.Consideringthenumberof relevantimages

to be100in eachcategory theoverall thePrecisionRecallcurve for theSIMPLIcity test

databaseafterfirst iterationis shown in Fig. 4.14

Complexity : We have implementedthe algorithm on a SUN Blade systemwith a

700MHz Processor. TheCPUtime for computingthefeaturesis on theaverage10 secs.

The computationrequiredfor matchingandsortingour resultsis explainedasfollows :

Let T(n) be theaveragetime to retrieve a query. Thecomplexity involved in computing

Euclideandistanceis O(ND) where
�

is the numberof componentswithin the feature

vector. N is the numberof imagesin the database.The next stepinvolvessorting of

(N) imagesaccordingto thesimilarity distance.For quick sorttheorderis of O(NlogN).

Thetime complexity T(n) is representedas,T(n) = O(ND)+ O(NlogN).As theproposed

numberof features(D=6). Hence
� - á¸åµæ È . Therefore

� D � Ga°43'D È á¸åçæ È G .

4.4.2 Performancecomparison

There are many CBIR systemsreportedin the literature, but in most casesthe sys-

tem relies on userdefinedparameters.In segmentationdependenttechniques,the ac-

curacy dependsuponthe numberof classesdefinedby the user[51], [43]. As a result,

it is difficult to judge the performanceof a CBIR systemunlessthe parametersmatch

exactly. So a proposedschemecan be comparedand evaluatedbestwhen the results

are testedover the samedatabase. In order to prove the efficiency of our the tech-



4.4Experimentation 130

Table4.5: Featureevaluationindex

Images(Intra,Inter) D � � � 9 G w D � � �5w G w D � � � ��G w D � � � ê G w D � � � ë G w D � � � � G w
(10,10) 0.207 0.115 0.199 0.351 0.351 0.351

(20,20) 0.207 0.115 0.199 0.351 0.351 0.351

(30,30) 0.220 0.121 0.195 0.350 0.350 0.350

(5,5) 0.309 0.151 0.247 0.349 0.349 0.349

(5,10) 0.289 0.164 0.265 0.306 0.306 0.306

(10,5) 0.433 0.213 0.401 0.534 0.534 0.534

Table4.6: Weightsof thecomponents
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Fig. 4.5(2) � , [^]bÒ � � , [^]V_ � � , [^]b_ª� [	]@� , [^] � [^]�� , [^] � [	]@� , [^] �
Fig.4.7(1) � , [^] + d � , [^]�� � � , [^]@� + � , [^] � c � , [^] � Ð � , [^] � Ð
Fig.4.7(2) � , [^] + Ð � , [^] � Ð � , [^]@��� � , [^] +�� � , [^] + Ð � , [^] + Ð
Fig.4.8(1) � , [^] + _ � , [^] +	� � , [^] + c � , [^] ��� � , [^] �	+ � , [^] ��+
Fig.4.8(2) � , [^] � d � , [^] + d � , [^]b_�c � , [^] � � � , [^] + [ � , [^] + Ò
Fig.4.12(1) � , [^] � d � , [^]V_	c � , [^] � � � , [^] +�� � , [^] +	� � , [^] +��
Fig.4.9(1) � , [^] � _ � , [^] � � � , [^] � c � , [^]b_ª� � , [^]V_	[ � , [^]b_�[
Fig.4.10(1) � , [^] ��� � , [^] +	� � , [^] + Ð � , [^] + Ò � , [^] +	� � , [^] + c
Fig.4.10(2) � , [^] ��� � , [^] +	� � , [^] + Ð [	]@� , [^] + Ò [^]�� , [^] +�� [^]�� , [^] + c
Fig.4.11(1) � , [^] + _ � , [^] + Ð � , [^] + � � , [^] � � � , [^] � _ � , [^] ���
Fig.4.11(2) � , [^] � c � , [^] + � � , [^] ��� � , [^] +�� � , [^] +	+ � , [^] +��
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Table4.7: Averageprecision% from ouralgorithm

Category unweightedfeatures weightedfeatures(iteration1)

10 images 20 img. 40 img. 10 img. 20 img. 40 img.

Africa 68.20 60.25 55.03 70.50 61.00 58.00

Beach 70.00 55.23 50.60 71.48 56.23 52.58

Building 70.26 60.50 54.46 72.40 63.67 56.00

Bus 80.00 70.59 60.67 81.45 72.77 62.67

Dinosaur 100.0 95.0 90.7 100.0 95.0 92.0

Elephant 83.5 75.5 65.8 85.0 77.0 66.0

Flower 90.0 80.5 70.6 92.0 83.0 71.2

Horses 100.0 90.0 80.5 100.0 95.0 83.0

Mountains 70.5 65.8 60.9 72.0 68.0 62.0

Food 60.8 55.8 53.40 62.0 57.0 55.20
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Table4.8: Comparativeevaluationof WeightedaveragePrecision

class Our method SIMPLIcity Histogrambased FIRM

Africa .45 .48 .30 .47

Beach .35 .32 .30 .35

Building .35 .35 .25 .35

Bus .60 .36 .26 .60

Dinosaur .95 .95 .90 .95

Elephant .60 .38 .36 .25

Flower .65 .42 .40 .65

Horses .70 .72 .38 .65

Mountains .40 .35 .25 .30

Food .40 .38 .20 .48

nique,webenchmarkour resultswith thewell known standardimageretrieval algorithms

namelytheFIRM [51], SIMPLIcity [206] andandcolor histogrammatching[176] using

the samedataset. The online demonstrationof their methodsareprovided at the cite

(http//:www.wang.ist.psu.edu/IMAGE). Theresultsarecomparedin termsof (weighted

precision)[206]asdefinedin (4.16).Theweightedaverageof theprecisionvalueswithinH 9 retrievedimagesarecomputedas,

÷Ô*D Ü G 7 � � D5�©[	[	G
9 é�é
�Tø ¾ 9 � � � �©[	[ (4.16)

H 9 = 1,.....,100.� � is thenumberof matcheswithin thefirst
H 9 retrievedimages.The

weightedprecisionasobtainedfrom eachcategory areshown in Table.4.8

SIMPLIcity methodhasreportedbetterthancolor histogrammethod.It is difficult to

obtainsatisfactoryresultsfor retrieving from all categoriesusingthesamesetof features.

In most of the casesthe averageprecisionfor eachcategory can be madebetter than

SIMPLIcity andFIRM via thefeatureevaluationscheme.Betterresultsareobtainedfrom
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SIMPLIcity andFIRM, whenthe numberof classmatcheswith the numberof objects.

Theresultsareshown in Table.4.8.

4.4.3 Comparisonwith MPEG-7

The proposedfeatureevaluationmethod,basedon user’s relevancefeedbackhasbeen

testedon MPEG-7(http://www.chiariglione.org/mpeg) visual featurestandard.MPEG-

7 [137] is anISO/IECstandard,whichprovidesacollectionof specific,agreeduponstan-

darddescriptors[134], [108] including low level audioor visual featureslike color, tex-

ture,shapeandmotionetc. Thecolor andtexturedescriptorsof MPEG-7standard[133]

have undergoneextensive evaluationin imageretrieval. Thecolor descriptorsconsistof

anumberof histogramdescriptors,adominantcolordescriptor, acolor layoutdescriptor.

In general,the descriptorswereacceptedanddefinedbasedon detailedstudiesof their

efficiency ( i.e., in termsof descriptorsizeandretrieval accuracy). Therearetoo many

dependentdimensionsin genericcolor histogramwhich includechoiceof color space,

choiceof quantizationin colorspace.

Thechosenagreeduponstandardfor colordescriptorsoriginatingfrom histogramanaly-

sisarethescalablecolor descriptor(SCD).This descriptoris definedin hue-saturation-

value(HSV) with fixed color spacequantization.The color structuredescriptor(CSD)

histogramaimsat identifying localizedcolor distribution usinga small structuringwin-

dow, which is constructedin thehue-min-max-difference(HMMD). Thedominantcolor

descriptorgivesthedistributionof thesalientcolorsin theimage,wherethespecification

of colorsis limited by thecolor spacequantization.TheColor layoutdescriptors(CLD)

capturesthespatiallayoutof thedominantcolorsonagrid superimposedontheregionof

interest.Thesedescriptorsarecompactandeffective in fastbrowsingandsearchapplica-

tions. In simialrty matchingof histogramsthe( L1 or L2) normsis selectedasit usually

generatesgoodretrieval accuracy. Textures,likecolorsis apowerful low-level descriptor

for imagesearchandretrieval applications.Thecommonlychosentexturedescriptorsare

the ”texture browsing descriptors”that characterizeperceptualattributessuchasdirec-
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tionality, regularity andcoarsenessof a texture. Homogeneoustexturedescriptor(HTD)

providesaquantitativecharacterizationof homogeneoustextureregionsfor similarity re-

trieval. Theedgehistogramdescriptor(EHD) capturesspatialdistribution of edges.The

distribution of edgesis a goodtexture signaturewhich is useful in evaluatingsimilari-

tiesbetweenimages.Thesimilarity matchingbetweenEHD descriptorscanbedoneby

directly computingL1 normsbetweentwo edgehistograms.Theproposedfeatureseval-

uationindex hasbeentestedusingtheCSDandEHD featuresof MPEG-7.TheMPEG-7

visualdescriptorshave beendown loadedfrom (http://www.chiariglione.org/mpeg). The

resultsafter relevancefeedbackhasbeenshown Figs. 4.15- 4.16. The performanceof

featureevaluationhasbeenshown on eachsetof featuresseparatelynamelyCSD and

EHD. L2 distanceis usedfor similarity evaluationin thecaseof CSDandL1 distanceis

usedin thecaseof EHD. Theresultsof Figs. 4.15- 4.16couldbeexplainedasfollows.

The resultsare shown with an exampleof a bus from SIMPLIcity database.The bus

imagesgenerallyhave distinctobjectof almostregularshapeandin diversebackground.

TheresultsusingCSDof MPEG-7is shown in Fig. 4.15(a).Theresultis quitesatisfac-

tory from thefirst pass.Improvementof resultafter featureevaluationasobtainedfrom

ourproposedrelevancefeedbackmechanismis shown in Fig. 4.15(b).Theresultobtained

usingthesamequery, thatwith EHD of MPEG-7is shown in Fig. 4.16(a).Theimprove-

mentof resultsarealsoobtainedafterupdatingtheweightsbasedon featureevaluation

index asshown in Fig. 4.16(b).In bothof thecasestheimagesof bussesasobtainedfrom

thefirst passareconsideredasintrasetimagesandtherestasintersetimages.

In orderto testtherobustnessof theproposedCBIR system,we comparetheoverall

performanceof our systemwith MPEG-7experimentationModel (XM) software[136]

which is theframework of all thereferencecodescurrentlybeingusedin severalCBIR

applications.ThesoftwareSchemaXMusesMPEG-7visualdescriptorsavailablein XM

software,whichcanserveasatestbedfor evaluationandcomparisonof featuresin CBIR

context. The featuresof XM commonlyusedasstandardvisual contentdescriptorsfor

still imagesarelistedin Table.4.9.
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Table4.9: StandardVisualcontentdescriptorsof MPEG-7

ColorDescriptors TextureDescriptors ShapeDescriptorsbased

DominantColors EdgeHistogram RegionBasedShape

ScalableColor HomogeneousTexture ContourBasedShape

Color Layout

ColorStructure

Thesefeatureshave beenrigorously testedin the standardizationprocess.Schema

provides resultson COREL datasethaving a good coverageof imagesfrom different

classeslike ( beaches,buildings,horses,cars,flowers,etc. ) with hundredimagesfrom

eachclass.We have seenthequeryresultsfor all theclassesavailablein Schemawhich

utilize theMPEG-7visualdescriptors.Thefeaturesusedin SchemaXMarepromisingin

modelinglow level visualsimilarity aswell assemanticaspects.Weprovidecomparative

resultson someof thecommoncategorieslike horses,roses,beachesandvehicles.The

performanceis comparedfor the caseof evaluatingoverall similarity betweenimages.

Thecomparisonis madeagainstaverageprecisionF�W = D5� �©� 9 G ¬ �©� . For aquery, system

retrieves ¬ imagesthatbelongsto thesameclass Ã � from � retrieved images. � 9 is the

numberimagesqueriedfrom category Ã � . While computingprecision,theimagesfrom

othercategoriesaretakenasoutliers. Theresultsareshown in Figs. 4.17and4.18. Our

resultscanbe fairly comparedwith MPEG-7visualdescriptorsasseenfrom Figs. 4.17

and4.18. Althoughthe initial precisionis foundbetterfor SchemaXMasshown in Fig.

4.17(a)andFig. 4.18(b)but our algorithmfairly catchestheresults.
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(a) (b)

Figure4.1: (a)Flower image(b) fuzzycornersignatureat, B <>9 D�FEGaY 0.8

(a) (b) (c)

Figure4.2: (a) Houseimage(b) fuzzycornersignatureat, B <>9 D�FEGaY 0.7(c) B <>9 D�FXGaY 0.8

(a) (b) (c)

Figure4.3: (a)Original image(b) edgemapat B <>9 D�FXGaY 0.6,onwhich thehighcurvature

regionmarkedas(*) (c) cornersignature.
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(a) (b)

Figure4.4: Retrieved resultsusingset(A1) (a) flower image( Testfor illumination in-

variance.)(b) horseimage,usingset(A1). Thetop left imageis thequeryimage.

(a) (b)

Figure4.5: Retrievedresultsusingset(B1). (a) Testfor invarianceproperties.(b) After

featureevaluationwith (FEI), thenoisyandblurredimagesareretrieved(iteration1). The

top left imageis thequeryimage.
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(a) (b)

Figure4.6: Retrievedresults(a) first setof candidates,usingset(B1) (b) usingset(A1).

Thetop left imageis thequeryimage.

(a) (b)

Figure 4.7: Retrieved resultsusing set (B1). (a) After featureevaluationwith (FEI),

(iteration1) (b) (iteration2). Thetop left imageis thequeryimage.



4.4Experimentation 139

(a) (b)

Figure4.8: Retrievedresultscombiningbothset(A1) and(B1). (a)Firstsetof candidates

(b) resultsafterfeatureevaluationwith (FEI) on set(B1) (iteration1). Thetop left image

is thequeryimage.

(a) (b)

Figure4.9: Retrievedresultsusingset(A1). (a) First setof candidates.(b) after feature

evaluationwith (FEI), (iteration1). Thetop left imageis thequeryimage.
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(a)

(b)

(c)

Figure4.10: Retrievedresultsusingset(A1). (a) First setof candidates(b) after feature

evaluationwith (FEI), (iteration1) (c) (iteration2). Thetopleft imageis thequeryimage.
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(a)

(b)

(c)

Figure4.11: Retrievedresultsusingset(A1). (a) First setof candidates(b) after feature

evaluationwith (FEI), (iteration1) (c) (iteration2). Thetopleft imageis thequeryimage.
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(a) (b)

Figure4.12:Retrievedresultsfrom miscellaneousdatabase,combiningbothset(A1) and

(B1) (a) First setof candidates.(b) resultsafterfeatureevaluationwith (FEI) on set(B1)

(iteration1). Thetop left imageis thequeryimage.

(a) (b)

Figure4.13:Retrievedresultsfrom miscellaneousdatabase,combiningbothset(A1) and

(B1). (a) Takingcontribution from shapesignatureonly (i.e., Ú 9 =Ú w =Ú2� =0.0) (b) query

resultson anaturalscene.Thetop left imageis thequeryimage.
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Figure4.14:Precision,Recallcurveof theSIMPLicity database.
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(a)

(b)

Figure4.15:Theproposedrelevancefeedbackschemeon MPEG-7visualdescriptors(a)

CSDdescriptors(b) resultsafterfeatureevaluation(iteration1)
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(a)

(b)

Figure4.16:Theproposedrelevancefeedbackschemeon MPEG-7visualdescriptors(a)

EHD descriptors(b) resultsafterfeatureevaluation(iteration1)
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Figure4.17:Comparisonwith MPEG-7visualdescriptors(a)Categorybeaches(b) Flow-

ers.

4.5 Conclusion

The studiesin this chapter, mainly emphasizeon the featureextraction,featureranking

andfeatureevaluationaspectsof animageretrieval system.Thesuitability of aproposed

featureset can be bestunderstoodfrom its ability to discriminateimagesof different

types.This particularaspecthasbeenstudiedfrom, selectingrelevantandnonredundant

featuresusingthe mutual informationbasedminimum redundancy-maximumrelevance

criterion. Sucha rankingschemeon thefeaturesof a smallerdatabaseconsistingof im-

agesof differentclassesof images,canbeusefulfor handlinglargedatabasefor improv-

ing theaccuracy. Fromdifferentqueryexamplesandclassificationresultsusingdifferent

training seton a standarddatabase,it is shown that a singlesetof featuresmay not be

suitablefor handlingall typesof queries.The setof featureswhich may be ableto re-

trieve imageshaving arangeof illuminationvariations,mayfail to retrievenoisyimages.

To overcomesuchlimitations,the featuresarecombinedandtheweightsareupdatedto

obtaina trade-off betweenfeatureselectionandaccuracy, in thecaseof retrieving from

anunknown database.Usingtheselectedfeatures,a featureevaluationschemehasbeen

proposedusinguser’s relevancefeedbackmechanism.Therelativeimportanceof thefea-
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Figure4.18:Comparisonwith MPEG-7visualdescriptors(a)Categoryhorse(b)vehicles.

turesis evaluatedfrom boththerelevantandirrelevant imagesasindicatedby theusers,

andusedfor iterative improvementof results.Theproposedmethodis quiteeffective, in

evaluatingthefeaturesfrom a smallnumberof feedbackimages.

We intend to test the effectivenessof the system,using simple featuresinvolving low

computationalcost. Invariantmomentscomputedfrom theclusterof visually significant

pointsareusedto representan imagewith minimum numberof points. The proposed

systemcanidentify relevantimagesundergonetransformations,like translation,rotation,

scaling,illumination change,etc. To reducethecomputation,a S-typefunctionhasbeen

usedwhich reducesthe numberof insignificantedgecandidatesfor cornertestingused

in the experiment.With sucha choicesomeof the insignificantnoisy pointshave been

reduced,but it is not robustto noisecorruption.Noiseremoval couldbeachievedthrough

apostprocessingandgeneratinganrefinededgemap,asit wasin thecaseof usingtheex-

ponentialfunctiondescribedin Chapter2.ThealgorithmhasbeenimplementedonaSUN

Bladesystemwith a700MHz Processor. TheCPUtime for computingthefeaturesis on

the average10 secs.,usingMatlab. The computationrequiredfor matchingandsorting

theresultsis of theorderof O(NlogN),N is thenumberof imagesin thedatabase.Such

matchingis independentto the numberof classes,in contrastto mostof segmentation
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basedtechniques,whichdependonnumberof classes[51]. Thealgorithmmaybefurther

refinedto make is noisetolerantandat thesametime reducethecomputationtime. The

suitability of the proposedfeaturescanbe increasedif the applicationmaybe extended

to specificimageslike logosor facial images,other thangeneralpurposeimagesonly.

We alsotry to introduceothersophisticatedfeatureandtestits suitability for MPEG-7in

orderto extendthealgorithmfor videodomainto achieveabettergoal.

The aim of an ideal CBIR systemis to mimic the humanvisual system. However,

thesuccessachievedis far from thegoal. To enhancetheretrieval accuracy, betterchar-

acterizationof imagesis necessary. Onesuchway could be to includemoreimportant

featureslike texture.Fromsemanticpointof view, if weconsiderthespatialorganization

amongtheobjects,in amulti objectscene,thenthedescriptionwouldbemoremeaningful

andexpectedto generatebetterresultsfor CBIR. Thepropertiesof thecoherentregions

andthe spatialrelationsbetweenthe regionsmay depict,muchsignificantinformation

containedwithin an image. These,requiresuitablesegmentationalgorithmsto extract

propertieslike, color texture,shapeinformationof individual regions. In thenext chap-

ter, we addressthe problemof segmentingimagesinto homogeneouscoloredtextured

regions,with whichspatialrelationshipsarecombinedto generatebettercharacterization

of animage.



Chapter 5

ImageRetrieval Using WaveletBased

SegmentedRegionsand their Fuzzy

Spatial Relations

5.1 Intr oduction

This chapterdealswith retrieval of color images,basedon regional properties.An al-

gorithm is proposedto segmentan imageinto fuzzy regionsbasedon the coefficients

of multiscalewavelet packet transform. FuzzySpatialrelationscomputedbetweenthe

segmentedregionsarecombinedwith thecolor andtexturepropertiesof thesegmented

regions,to provide overall characterizationof an image. Natural imagesconstitutemo-

saicsof homogeneousregions, wherethe featureslike color, texture and shapeplay a

significantrole in depictingthesalientaspectsof an image. Althougha wide varietyof

approachesof imageretrieval have beensuggestedbasedon thesefeatures,but thesuc-

cessachievedis limited usingthesefeaturesonly. Seriousefforts arebeingmadeby the

researchers,for developingsuitableimagecharacterizationmethodswhich arequite ca-

pableof capturingsemanticdetails,derivedfrom imagefeatures[206], [51], [203], [117].

A generalwayto copeupwith thisproblemis to incorporatespatialrelationsbetweenthe
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regions.Thepropertiesof individualregionsif coupledwith spatialrelationshipsbetween

them,maygeneratemorerealisticmatchingbetweentwo images.

In suchan approach,segmentingimagesinto homogeneousregionsconsideringthe

combinationof color andtextural propertiesis essential.Segmentationbasedtechniques

can betterhandle,queryingon particularobjectsi.e., finding coherentimage regions

which roughly correspondto objects. For example,suchmethodhasbeenpopularand

usedin theBloworld system[43]. Queryingin Blobworld, is basedon the attributesof

oneor two regionsof interest,ratherthana descriptionof theentireimage.However, in

segmentationbasedmethodsit is difficult to decidethe numberof classes,for different

imagesof a database.Spatialrelationshipsarealsodependenton thesegmentedregions.

To handlesuchproblemsin thecaseof overallmatchingbetweenimages,imageretrieval

schemebasedon visually significantpointshasbeenexplored in the previous chapter.

However, theaim of CBIR researchis to developbetterimagecharacterizationmethods

which canstill generatebetterresults,closethehumanvisualperceptionsystem.Color

and texture propertiesof individual coherentregionsare very important[88]. Also, a

significantaspectof discriminatingamongimages,dependson thespatiallocationsand

relationshipof objectsor regions. Looking into thesefacts,we areinterestedto take up

sucha problem.Theproposedmethodologyhastwo parts.In thefirst part,analgorithm

to segmentan imageinto fuzzy regionsbasedon the coefficientsof multiscalewavelet

packet transformis proposed. In the secondpart, Fuzzy Topologicalrelationshipsare

computedbetweentheregions.Thecolorandtexturepropertiesasindicatedby centroids

andspatialrelationsbetweenthesegmentedregionsareusedtogetherto provide overall

characterizationof animage.Theclosenessbetweentwo imagesareestimatedfrom these

properties.

Segmentationinto homogeneousregionshasbeenmadewith theuseof waveletpack-

ets. Sucha choicehasbeenmadebecause,wavelet analysisprovidesan effective mul-

tiresolutionrepresentationof a signal/image,in termsof its constituentenergies. It is

capableof capturingthesalientaspectsof a data,with a smallsetof co-efficients,which
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spansboth in spatialandfrequency domains.In therecenttimes,effective characteriza-

tion of region basedproperties,have beenmadewith the useof waveletsandprovedto

bepromising[144], [3], [4]. It hasalsobecomea goodalternative to Gaborfilters [130].

Significanttextureinformationrequiresovercompletedecomposition[4]. With theuseof

waveletpacket transform,a treestructuredextensionof thedyadic2-D discretewavelet

transformmaybeobtained.Thusa finer andadjustableresolutionat high frequenciesis

allowedascomparedto thedyadicwavelet transform.Oneimportantpoint is that,mul-

tiresolutionrepresentationsfacilitate representationof dataat different levels of detail.

However, not all thebasesareequallyimportant.Hencefinding out computationallyef-

ficient optimalbasisbasedon thesomestatisticalcriteriabecomesimportant[130]. This

problemhasbeentakencareof, by selectingbestbasesfor furtherdecomposition,based

on aentropy measure.

Many authorshave alsoproposeddifferentmethodsto quantify spatialrelationsbe-

tweenregions.Someof themarediscussedin brief.

Methodologiesto computespatialrelationshipsof theobjectshavebeenproposedin [66],

[152]. However, the methodsmostly dealwith the geometricattributesof a region like

(area,shapeadjacency, surroundedness,etc. ). Methodsusedto computeapproximate

spatial relationslike left to, above, below, etc. have beenproposedin [102]. A new

histogramrepresentationcalledR-Histogram,which extendshistogramof anglesby in-

corporatingboth anglesandlabeleddistancesis proposedin [208]. This representation

considersTopologicalspatialrelationsbetweenregion like ”inside” , ”overlap” for im-

ageretrieval applications.In VisualSeek,[189], color setselectionandback-projection

methodis usedfor automaticextractionof salientcolorregionsfrom theimages.Thespa-

tial locationandsizeareaddedto theregion relationandsubsequentlyusedfor queries.

Symbolicdescriptionsof segmentedregionshave becomepopular, wherecomparisons

are basedupon2-D strings[47], [116]. However, the methodscannotalways accom-

modatesimilarity of the symbols,basedon the visual features.Quadtreesasproposed

in [211], [167] andgraphmatchingmethodsasin [51], [103] areusedfor efficientspatial
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matching.

Fuzzy logic hasalsobeenused,to provide solutionsfor quantitative representationsof

spatialrelationsandsimilarity matching.

Fuzzysimilarity measurebetweenregionshasbeenintroducedin FIRM [51], wherean

imageis representedby a setof segmentedregions reflectingcolor, texture andshape

properties.Propertiesof all regionsareintegratedby a family of fuzzy features.How-

ever, geometricrelationshipsbetweentheregionsarenot considered.

In FIRST, [103] a FuzzyAttributedRelationalGraphs(FARGs)hasbeenusedto repre-

sentimages,whereeachnodein thegraphrepresentsanimageregion(e.g.,blueness,size

andtexturedness)andeachedgerepresentsa relationbetweentwo regionswith attributes

(e.g.,spatialrelation,adjacency, etc.). The given query is convertedto a FARG, anda

low-complexity fuzzygraphmatchingalgorithmis usedto comparethequerygraphwith

theFARGsin thedatabase.

An new approach,in which fuzzy interrelationsbetweenthesegmentedregionsareused

to captureTopologicalspatialrelationsbetweenthe regionsis proposedin [63]. Fuzzy

spatialrelationsaremappedthroughbuilding a matrix, representingthe truth valuesbe-

tween[0,1]. In theproposedmethod,thematrix is usedto expressthegradualitybetween

thepositionalrelationshipsonly.

In thenext section,thesegmentationalgorithmandtheSpatialRelationfeatureextrac-

tion processusedin theproposedmethodologyis described.TheExperimentalresultsand

comparativestudiesaremadein section5.3.Thechapteris concludedin section5.4.

5.2 The Proposedmethodology

Thesimpletechniqueto identify uniform color texturedregionshasbeenproposedwith

theuseof waveletpackets.Approximateboundaryregionsarealsoextractedfor detecting

thedifferencesof texturesin adjacentregions.FuzzyC- meansalgorithmhasbeenused

for assigningmulticlassmembershipvaluesto eachpixel, and the membershipvalues
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aresubsequentlyusedfor approximatesegmentationinto homogeneousregions.Wavelet

packet frameshavebeenused,to extractfeaturesfor segmentation,andthebestbasisare

obtainedbasedonentropy measure.

Themethodologycomprisesof thefollowing steps,whicharementionedbelow. Thecen-

troidsof thesegmentedregionsdepictthecolorandtexturalproperties.To providemean-

ingful characterizationbetweenthefuzzily partitionedregions,two Topologicalmeasures

namely, Index of fuzziness[155] andShapedistance[48] arecomputedbetweenthefuzzy

regionsof thesegmentedimage.Theperformanceof theproposedalgorithmin thecase

of retrieving perceptuallysimilar imagesfrom benchmarkdatabasesis comparedwith

otherapproacheslike,(a)Color, texturehistogramsimilar to [151] (b) Gabortexturefea-

tures[121], to provetheefficiency of theproposedscheme.

5.2.1 Multir esolutionAnalysis usingwaveletpackets

An arbitraryfunction Ý D 6 G canberepresentedwith linearcombinationof asetof wavelets

or basisfunctions. Thesebasisfunctionsareobtainedfrom a singleprototypewavelet

calledmotherwaveletby dilations(scale)andtranslations(shift).Wavelet transformation

canbeusedto analyzethespaceandfrequency contentof an image.Mallat, hasshown

that a signalat any resolution,canbe decomposedinto a signalat a coarserresolution,

plus the associatedwavelet components.The multiresolutioncharacteristicsof wavelet

transformis veryattractive to differentimageprocessingandvisionapplications[130].

Thediscretenormalizedscalingandwaveletbasisfunctionsfor 2D-DWT aredefined

as[130],

uz�¶ã �zD�á¸G 7 � �³¿´w � � D � � á O H G5 �¶ã �zD�á¸G 7 � �³¿´w æ � D � � ázO H G (5.1)

where
Ü

and
H

arethe dilation andtranslationparametersand � � and æ � arerespectively

thesequenceof lowpassandbandpassfilters of increasingwidth indexedby
Ü
. (
Ü
,
H ~76 )

a positive setof integers. The full discretewavelet expansionof a signal that form an
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orthonormalbasisfor 8 w D�Ø w G is givenas,

6 D�á¶G 7 �%9;: £ " < ù
' D H G u < ù ã � �

< ù
�À¾ 9 �%9;:

/ " � ' D H G 5 �¸ã � (5.2)

/ " � ' arethewaveletcoefficientsand £ " < ù ' aretheexpansioncoefficientsof thecoarser

signalapproximation
6 " < ù ' . The £ " < ù ' and

/ " � ' canbeinterpretedin termsof simplefilter-

ing anddown samplingoperations.The2-D DWT is computedby applyinga separable

filter bankto theimagewhere £ � D 6 � » G correspondsto low frequencies(LL),
/ 9� D 6 � » G cor-

respondsto theverticalhigh frequencies(horizontaledges,LH),
/ w � D 6 � » G horizontalhigh

frequencies(verticaledges,HL),
/ � � D 6 � » G thehigh frequenciesin bothdirections(thecor-

ners,HH). Theimage� D 6 � » G is representedatseveralscalesby v £ / é , / y� D 6 � » G , n= 1,2,3,

i=1,...,
/ éõ{ . The2D-DWT transformof an � � , � � imageis representedasasetof shifted

anddilatedwaveletfunctionresultinginto subbandimages,eachof size � �¶Á 9 ,.� �ÀÁ 9 .
Thestandarddyadictransformarenot suitablefor analysisof high frequency signals

with relatively narrow bandbecausethe subbanddecompositionis appliedon the low

passcomponentplaneof the input image.Thechoiceof waveletscaleparameterwithin

a DWT is � � , where
Ü ~ v [^�	��� � ]b]�]b] { . Suchchoicesarenot suitablefor analysisof high

frequency signalswith relatively narrow band.

Textureclassificationandsegmentationrequirea finer frequency analysis.To obtaineffi-

cient textureproperties,multiscaleovercompletepacket transformis necessary. Wavelet

packets comprisesall possiblecombinationsof subbanddecompositionappliedrecur-

sively to the lowpassandhigh passfilter resultsof thepreviouswavelet transformstep.

As a result, it is possibleto createarbitrary treestructuresthat generatesvariouscom-

binationsof orthonormalbases[169]. Betterfrequency localization,while retainingthe

structureof adiscretedecompositioncanbeobtainedthroughwaveletpacketdecomposi-

tion.

As an example,a 2-level decompositionon the orthogonalsubspacesgeneratesbases,

F w©ã �¶ã �zD�á¸G , i= 0,1,2,3,Ô 9 ã 9 ã � D�á¶G =1/2
5 D�á ��� O H G , Ô w©ã é©ã � D�á¶G =1/4u D�á ��� O H G , Ô w©ã 9 ã �zD�á¶G =1/4

5 D�á ��� OH G formsorthogonalsets.
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An appropriateway to performthewavelet transformfor texture featureextractionis to

detectthemostsignificantfrequency channelsandthendecomposethemfurther. In order

to avoid thefull decomposition,anadaptive decompositionalgorithmusinga maximum

criteriaof textural measuresbasedon thestatisticsextractedfrom eachof thesubbands,

canbeusedto identify themostsignificantsubbands.This enablesto selectthedesired

frequency subspacesfor furtherdecomposition.A signalcanbeadaptively decomposed

usinga selectedbasesaccordingto a selectioncondition,basedon e.g.,(energy, entropy

of thesubbands).The significantnodesarecomputedandthe optimalbasisis obtained

basedonentropy minimizedtree,wheretheentropy functionis computedbetweenapar-

ent andquadchild. The entropy minimizedtreeforms a nestedsequenceof subspaces,< 9>= < w = ]�]b] < y . A detailedmultiresolutionanalysisusingwaveletpacketsis explained

in theAppendix. Theimplementationof waveletpacket transformhasbeenexplainedin

Fig. 5.2.

Thedetailedexplanationof thefeatureextractionprocessis explainedbelow.

Thewaveletpacket co-efficientsareextractedfrom theindependentcolor channels,from

which thelocalspatialfrequency characteristicscanbecomputedto capturetexturechar-

acteristics.

5.2.2 Integrating wavelet featuresfor extraction of colored textures

Featuresextractedfrom different frequency bandsof wavelet coefficientsareshown to

beeffective for representingtextureproperties[4]. An input color imagecanbe looked

asa 3-D energy function
� D 6 � » , Ê G where(x,y) denotesthe spatialco-ordinatesand Ê

denotesthe wavelengthof light energy. The local spatial frequency characteristicsof� D�¤ � $ , Ê G canbeusedto capturetexturecharacteristics.Thepropertiescanbecombined

in thewaveletdomainby convolution with a waveletfilter in thespatialdomainwith the

independentcolorchannels[88]. Thebuilding blockof featureextractionis shown in Fig.

5.1.
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?Æ D�¤ � $ � Ê G 7 �*DV¤ � $ G � � DV¤ � $ � Ê G%@ Ê (5.3)

The filter bank �*DV¤ � $ G is a setof bandpassfilters with frequency selective proper-

ties. Theoriginal imageis availablein RGB format. TheRGB valuesencodethecolor

information.Eachof theindividual componentsaretransformedseparatelyto obtainthe

waveletpacket coefficients.

5.2.3 Multir esolutionfeatureextraction

In order to selectthe basesadaptively, entropy of eachsubbabnddecompositionof the

waveletpacket treeis evaluated.Thenodesmarkedasthepartof bestbasisaredecom-

posedfurther. As a result,specifictreescanbe createdby only splitting eachsubband

accordingto adefinedsplitting condition.

The bestbasisareselectedon computationof entropy of the subbands.If
� 9 is the

entropy of aparticularnode,
� w thesumof entropy of thechildren,of thenode.

� 9 � � w
thenthenodesaremarkedasthepartof bestbasisset. Theentropy hereis theShannon

entropy. Theanalysisis performeduptosecondlevel of decompositionandthis resultsin

asetof waveletpacket bases.

Having obtainedtheentropy minimizedtree,multiresolutionanalysisis performedcon-

sideringthespatialsimilaritiesacrosssubbands.In general,therearespatialsimilarities

acrosssubbands[169]. Thepixelsin eachsubbandarelinkedto thepixelsof theadjacent

subbandat thenext lower level. Eachpixel D 6 � » G from theformersetof subbandsactsas

theroot of pixels D �BA �DC�ErG , D �BA��GF �DC�ErG , D �BA �HC�E ��F G , D �BA��IF �HC�E ��F G . For a (n) level

decompositionthesamerule links thepixelsof theadjacentsubbandsstartingfrom LHn,

HLn, HHn, respectively. Theselectedbases
< y areinterpolatedby factor(n), to ensure

theidentity to thesamplingspaces.Thisgeneratesatransformsuchthat,everysubbandis

having thesamenumberof coefficientsasthenumberof samplesin theoriginalsignal.It

alsoleadsto anovercompleterepresentation.This approachis computationallyeffective

andalsohelpsin reducingblockynessarisingin caseof theblock basedmethodsandthe
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Start

Input Image

RGB componernt submatrices

R G B

2 scale wavlet packet transform

Select the entropy minimized tree

Consider the selected subband nodes from
each channel and interpolate by factor (n)

around each subband pixel
Compute local features from (NxN) window

Stop 

Image segmentation 
FCM classification 
Representative Features for each pixel1.

2.
3.
4. Image Characterizationfrom 

Centroids, Fuzzy spatial relations

Figure5.1: Building block of featureextraction.
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costinvolvedin pixel wisesegmentation.Thelocal featuresof thefilter output(wavelet

domain)aroundeach(x,y)th pixel is estimatedfrom theselectedbases.

Oneof the simplestapproachesfor describingtexture is to usemoments(e.g. mo-

mentsof graylevel histogram)of animageor region. Thesecondmoment(variance) is

of particularinterestin texturedescription[75], whichcanbeusedto establishdescriptors

of relativesmoothness.Thethird momentis ameasureof theskewnessof thehistogram,

while the fourth momentis a measureof relative flatness.The momentsof the wavelet

coefficient of variousfrequency bandshave alsoproveneffective for discriminatingtex-

tures[201].

In the presentapproach,momentshave beencomputedon a local window, around

eachpixel, from eachof the RGB channel,which are clusteredby applying the fuzzy

C-meansalgorithmto obtainthefuzzypartitions.To obtainthemomentsaDaubechies-4

wavelet transformis applied. Around the (x,y) pixels of a certainsubbanda J ,�J
window is centered.Theraw momentsm00,m10,m01,m20,m02,m11arecomputed.

Fromwhich thecentralizedmomentsB � [ , B�[ � , B
�	� arecomputedoneachwindow, [75].

Thedetailedcomputationof momentshasalreadybeendiscussedin chapter4.

Thesefeaturesgeneratedquitesatisfactorysegmentedresults,whentestedupondif-

ferenttypeof color images.

For a color input image,the momentscomputedalong the individual channelsare

representedas,and � � Ê =[B � [ , B�[ � , B
�	� ] Thefeaturecomputedalongthethreechannels

areconsideredaslinearly independentandrepresentedas,

� �zD 6 � » G 7 � ��K (5.4)

The segmentationobtainedwith the momentsareshown in Figs. 5.3(b),5.4(b),5.5(b),

5.6(b).

Apart from B � [ , B�[ � , B
�	� , thevarianceof thecoefficientsof selectedthewindow is

computedfrom the (R) plane. By classifyingthesefeatureswe approximatelysegment

theboundariesbetweenthehomogeneousregion asshown in Figs. 5.3(c),5.4(c),5.7(b),

5.8(c).Thefeatureusedto obtaintheboundariesarerepresentedin (5.5).
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� �zD 6 � » G $NS ¬ 7 D
L
M ¾0N

L
O ¾0N ÚP� D

6 � » GlO ÷� �zD 6 � » G G w (5.5)

where ÷� � D 6 � » G is thelocalmeanandÚP�zD 6 � » G is thecoefficientsatdifferentscales
H
. The

sizeof the window is an importantparameter. Accuratetexture measurementdemands

larger window sizeandbetterlocalizationof region boundariesrequiresmallerwindow

size.A _ , _ window hasbeenselectedfor theproposedfeatureextraction.

The extractedfeaturesare integratedin the featurespaceto produceapproximateseg-

mentationinto homogeneousregions. The featuresneedto be clusteredinto different

categories.

We have usedthestandardfuzzy C- meansalgorithm[28] for patternclassification.Let

U = v 6 9 , 6 w , ..,
6 Ù { be a finite subsetof � dimensionalvector spaceØ y where

6 � is a

featurevectorfor a pixel in the image.For an integer Ã ,� � Ã � È . A ÃÉ,�È matrixQ
=[¤ � � ] is calledthefuzzy Ã partitionof U whenevertheentries

Q
satisfiesthefollowing

conditions.¤ �³± ~ Ä [^�^� Å for all
Ü

and� , ¤ �³± is thedegreeof membershipof
6 � in thecluster

� , R�¶¾ 9 ¤ �³± =1 for all � and [E� Ù�¶¾ 9 ¤ �³± � È for all
Ü
.

5.2.4 Attrib utesof fuzzy setson segmentedimage

Index of fuzziness: From fuzzy C-meansclusteringof � � D 6 � » G , or� � D 6 � » G $NS ¬ a fuzzy

partition matrix U of size Ã by È is obtained,where Ã is numberof clustersand È
is numberof datapoints. The featurevectorusually belongsto multiple regionswith

differentdegreesof membershipsasopposedto classicalregion representationin which

thefeaturevectorbelongsto exactlyoneregion. Themeasureof fuzzinessbetweenthe Ã
fuzzy partitionsof U , asobtainedfrom thefuzzy Ã meansclusteringis considered.Let

thefuzzypartitions(¤ 9 , ¤ w , .. ¤ R ) on U bedefinedby thesetof Ã menbershipfunctions,

B½¤ ± D 6 G for all
6 ~ U and� = 1, 2, ...Ã . Theintersectionbetweentwo fuzzypartitions¤NC

and ¤ ± , (
Q S7 � ) from the Ã collectionsis definedfrom [155] andgivesthemeasureof

Index of Fuzziness.
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� D�¤ ±�T ¤NCeG 7 �
Þ U Þ ¼ 9�U

Ä Q Ü � D�B½¤ ± D 6 G��5B½¤NCXD 6 G G Å (5.6)

where Þ U Þ denotesthecardinalityi.e., thenumberof supportelementsin Þ U Þ .
Computationof thefuzzySpatialRelationpropertiesareexplainedasfollows :

Shapedistance: The pixels of the fuzzy partition areassigneddistinct classlabel for

which themembershipis maximum.As a result,we obtainthesegmentedimage.Each

segmentedregioncanbelookeduponaboundedfuzzysetwherethemembershipis zero

outsidetheregion. Weconsidertheshapepropertiesof thefuzzyregionsof thesegmented

image,asproposedin [48],

If B D 6 � » G is themembershipof thefuzzysetB at thepoint (
6 � » ) in Ø w . Thecenterof

gravity of B is thepoint D 6 é � »	é G where
6 é = V�W

¼(X " ¼ ã öH'ZY�[\ " � ' and »	é = V�W
ö�X " ¼ ã öH']Y�[\ " � ' whereA(S) =

� ¤ D 6 � » G%@D^ . Thedissimilaritybetweentwo fuzzysets¤ and
$

is definedas,

� 9 D�¤ � $ G 7 � Þ ¤ O
$ Þ @D^ (5.7)

A fuzzy set
$

is a rotationof a fuzzy set ¤ , if thereexits anangle ¢ ~ Ä [^� ����Å sothat

any point
$

mayberepresentedas,

$ D 6 � » G 7 ¤ D 6 £©å"¦ ¢ O » ¦ Ü ��¢ � 6 ¦ Ü ��¢ �%» £>åà¦ ¢ G (5.8)

The shapedistancebetweentwo fuzzy sets¤ and
$

( here ¤ and
$

correspondsto

individualsegmentedregions)aredefinedas,

� � 7RQ Ü � Ä � 9 D�¤ � $ ��9 Á � w G�� � 9 D�¤¨� $ ��9 Á � w ;B_ G Å (5.9)

where ¢ � and ¢ � aretheorientationsdefinedastheanglesthat the major axisof ¤ and$
make with the

6
axis.

� 9 D�¤¨� $ � G is the dissimilarity with respectto rotationof
$

by

angle ¢ . The major andminor axesareperpendicularto eachotherandpassesthrough

the centerof gravity.
� � is the smallerof the

� 9 valuesin thesetwo orientations.The

orientatioǹ of a fuzzysetcanbeobtainedfrom therelationasfollows,



5.2The Proposedmethodology 161

¥ S �­��` 7 � � D 6 O 6 é GTD » O »�é G�B D 6 � » G%@D^
� D 6 O 6 é G w B
D 6 � » G%@D^eO [ DaE�ObEdc�G(e>B
D A �HE�G�@D^ (5.10)

It canbeprovedthat
� � is a metric. This metriccanbeusedin patternrecognitionand

matchingproblemsin a fuzzy framework. We have not consideredtherelationslike left

to, above,etc.asthesegmentedregionsmaynot representtheimageatobjectlevels.

FeatureRepresentation : Thefeaturerepresentationof thesegmentedimagecanbe

lookedasacollectionof features[ � 9 , ��w , ...� R ] representingthevarianceof thecentroids

whereÃ representsthenumberof classes.Theindex of fuzziness� C ± for
Q S7 � between

any two partitionsof the Ã separableclassesare considered.Also the shapedistanceñ C 9 C w betweenany two segmentedfuzzy regions(m1,m2) arecomputedto generatethe

effective characterizationof an image. In orderto computefeaturesimilaritiesbetween

two images,Euclideandistancemetricis usedto computethedissimilarityvaluebetween

the centroids. If U 7 Ä 6 9 � 6 w ��f%f%f�� 6 ��Å and g 7 Ä » 9 � »	w ��f%f%f½� »	��Å aretwo featurevectors

thentheEuclideandistancemetricbetweenX,Y is givenby,

� < 7 D 6 � O »^� G w (5.11)

Similarity Evaluation : The intuitive similarity betweentwo regionsarecomputed

from shapedistance.The rank is computedasfollows. The similarity is performedon

eachtypeof featuresseparately. Finally therankobtainedfrom eachindividualsetof fea-

turesarecombinedto getthefinal result.Therankobtainedfrom matchingthecentroids

andindex of fuzzinessfeaturesaredecidedby measuringEuclideandistancebetweenthe

featuresof thequeryandthetargetimages.Thetotal similarity is calculatedasfollows :

/1ô
&
7 y

� ¾ 9 D�¬ & �àG �©� (5.12)
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Figure5.2: Generaltreestructureof discretewaveletpacket frame(M) banddecomposi-

tion. Down samplingby a factorof 2 is requiredfor standardwaveletpackets.

where
/1ô
& is thesimilarity distanceof thequeryimage � to image¥ . n is thetotal number

of features¬ & � is therankof theimage¥ in feature
H
.

5.3 Experimental steps

Wetestouralgorithmona databaseconsistingof 1000imageswith 100imagesfrom ten

differentcategoriesdown loadedhttp://wang.ist.psu.edu/docs/related/.Theexperimental

resultsareshown from Figs. 5.3 to Fig. 5.13. Thenumberof distinct regionsin natural

imagesvary andalsodependuponthe individual perception.The segmentationresults

greatlydependuponthenumberof specifiedclasses.We grosslypartitiontheimageinto

threemeaningfulclassesto analyzethe region attributesand spatialrelationsbetween

theseregions. Fixing the numberof classesmay not effectively partition all database

imagesatindividualobjectlevel. It is expectedthatsimilarpartitionswill begeneratedfor

imageswith similar semanticsfor usein computingoverall imageto imagesimilarity. If

thesegmentationbecomesfiner, theuncertaintyin characterizingtheperceptualcontents

increasesdue to detailedclassificationswithin regions. This may degradethe overall
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impressionof theobjectnature.

Thesegmentationresultsareshown from Figs. 5.3 to Fig. 5.8. The imageshown as

Fig. 5.3(b)is thesegmentedoutputof Fig.5.3(a)into threeregions.Individual regionsare

characterizedwith differentgrayvalues.Fig.5.3(c)is thesegmentedoutputwhichbroadly

classifiestheboundarybetweenthe regionsusingthe featuresobtainedfrom (5.5). The

regionsboundariesareassignedacommonclasslabel( plottedasdarkboundarypixels).

Thesegmentedoutputof Fig. 5.4(a)is shown in Fig. 5.4(b)usingthecentralizedmoments

B � [ , B�[ � , B �	� , asexplainedin Section5.2.3. The classifiedregionsboundariesplotted

asdark pixelsareshown in Fig. 5.4(c). Similarly the segmentedoutputfor Fig. 5.5(a)

is shown in Fig. 5.5(b)with numberof classesequalto three.Thesegmentedoutputof

Fig. 5.6(a)with thenumberof classesequalto threeis shown in Fig. 5.6(b). In this case

with theassignednumberclassesequalto three,theregionsarenot ableto representthe

individualobjects.Howevertheinterrelationcomputedbetweentheregions,maycapture

discriminatinginformationfor imagesof similar type.Theregionboundariesasobtained

from classificationof theimageof Fig. 5.7(a)with threenumberof classes,areshown in

Fig. 5.7(b).Thesegmentationresultsasshown in Fig. 5.8(b),(c) for Fig. 5.8(a)arequite

satisfactoryin classifyingthe imagesinto the assignedregions. By intelligent selection

of thebasis,thenumberof featureshave beenreducedfor thedesiredsegmentation.In

our problem,the descriptionof the entire imageis usedin queryingratherthantaking

theattributeof individual regions. We have takenqueryexamplesfrom all categoriesof

imagesandtestedthe performancewith the proposedfeatures.We try two explain the

resultsobtainedon imageswith somedistinctiveproperties.Thequeryimagein thecase

of Fig. 5.9 is of a horsein greenbackground.Fig. 5.9(a)representthe resultsobtained

by matchingthecentroidsof thesegmentedregions(threeregions).Fig. 5.9(b)showsthe

resultsafter taking into theaccount,thespatialrelationfeatures.As observedfrom Fig.

5.9(b), the resultsdid not improve significantly. This may be explainedasfollows. In

this case,theobjectof interestis horsewhich mayor maynot bein similar background.

As thecolor andtexturepropertiesof significantregionsarequitesimilar, theproperties
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(color andtexture)extractedfrom thesignificantregionsservesquitesatisfactorily to re-

trieve imagesfrom thesamecategory. Here,theintersectionbetweenthefuzzypartitions

couldnot reflectdiscriminatingspatialpropertiesbecausetheregionsarenotalwaysrep-

resentingtheindividualobjects.

The queryasshown in Fig. 5.10 is of flower. The retrieval resultsasobtainedconsid-

ering the centroidsareshown in Fig. 5.10(a)andthe resultsobtainedafter considering

the spatialpropertiesareshown in Fig. 5.10(b). An improvementof result is obtained,

asseenfrom Fig. 5.10(b). In suchcases,shapeplaysanimportantrole alongwith color

andtexture. As a result,thespatialrelationshipbetweentheregionsarealsoexpectedto

play a distinctive featurein this case,asthesegmentedregionsfairly describesdifferent

objects.

Imagesin Fig. 5.11(a)areconstitutingof a significantobjectwith somebackgroundob-

ject. The main objectalmostoccupiesthe major portion of the scene.We have tested

theresultsconsideringthefeatures(centroids) andothertwo spatialfeaturesseparately.

Thecombinedresultis shown in Fig. 5.11(a)with thetop left imageasasthequery. The

resultsobtainedfrom the combinedfeaturesouterperformedthe the individual feature

retrieval. Intuitively the shapeof the object itself is moremeaningfulthanthe color or

textureinformationin theexample.For thequeryexamplein Fig. 5.12(a),boththeback-

groundandobjectareimportant.Theobjectregionhasquiteacommoncolorandtexture.

Thecentroidfeatureswhich carrytheregion attributesin termsof color andtexturepro-

vide a betterindex thanthe shapedistance. In this case,the color andtexture contain

mostof theusefulinformation. Combiningshapedistancedid not make significantdif-

ferenceto thequeryresults.Theretrieval resultsasshown in Fig. 5.12(b)is obtainedby a

queryingwith adinosaur. As theimagesaremuchsimplerwith almostregularshapeand

background,thecombinedfeatures(color, textureandspatialrelations)performshighly

satisfactorily in suchcases.

In orderto allow comparisonbetweendifferentretrieval features,we presenta recall

precisiongraph,computedfrom differentnumbersof returnimages.Thesystemretrieves
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¬ imagesthatbelongsto thesameclassÃ � asthequery(¬�� � ). Thereare È 2 9 imagesin

theclassÃ � of thequery. Then F =¬ �>� is theprecisionand Ø = ¬ �TÈ 2 9 therecall for this

query. With eachtestsetimageasthequery, theaverageprecisionandrecallfor individual

featureretrieval is shown in the Fig. 5.13(a). We found that the similarity asobtained

from index of fuzzinessaloneis not satisfactory. Intuitively this featuremeasuresthe

fuzzinessin clusteringandindirectlycapturesdissimilaritybetweentheregions.However

thecombinedresultsimprovestheprecision.

The propertiesextractedsegmentedregionsplay an importantrole in characterizingthe

color andtexturecontentsof differentregionsfrom an image. As the robustnessof the

proposedalgorithmis testedin thecaseof computingoverall closenessbetweenimages,

we compareour resultswhich alsoevaluateimageto imagesimilaritiesmostlybasedon

the featureslike color andtexture. We benchmarkour resultswith retrieval algorithms

usingglobal color texturehistogramsasusedin [151]. Color is representedusinga 2D

histogramover the HS coordinatesof the HSV space. Texture is representedby two

histograms(coarsenessanddirectionality),of theimage.Thesimilarity distancebetween

two color histogramsis computedby histogramintersection.Thesimilarity betweentwo

texturesof thewhole imageis determinedby a weightedsumof theEuclideandistance.

We alsoprovide a comparisonin retrieval resultswith Gaborfeaturescomputedaround

randomlyselectedpoints.Wetestedtheresultsin almostall categoriesof imagesasshown

in Fig. 5.13(b).Histogramgavesatisfactoryresultsfor imagesobjectshaving significant

objectswith quitea commoncolor andtexture. In caseof generalscenesour algorithm

generatedbetterresults.Thisprovesthattheproposedfeaturescapturesadditionalspatial

informationof thesegmentedregions.

5.4 Conclusion

In this work, a segmentationalgorithmhasbeendevelopedusingwavelet packet based

featuresandthe fuzzy C- meansstatisticalclusteringalgorithm. The color andtexture
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(a) (b) (c)

Figure5.3: (a) Original image(b) segmentedoutput (3 regions) (c) segmentedoutput

(with 3 regionboundariesassignedacommonblacklabel)

(a) (b) (c)

Figure5.4: (a) Original image(b) segmentedoutput (3 regions) (c) segmentedoutput

(with 3 regionboundariesassignedacommonblacklabel)

(a) (b)

Figure5.5: (a)Original image(b) segmentedoutput(3 regions)
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(a) (b)

Figure5.6: (a)Original image(b) segmentedoutput(3 regions)

(a) (b)

Figure5.7: (a)Original image(b) segmentedoutput(with 3 regionboundariesassigneda

commonblacklabel)

(a) (b) (c)

Figure5.8: (a) Original image(b) segmentedoutput (5 regions) (c) segmentedoutput

(with 5 regionboundariesassignedacommonblacklabel)
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(a) (b)

Figure5.9: (a)Retrieval results.(a)Colorandtexturalpropertiesonly (b) aftercombining

FuzzySpatialRelations.With top left imageasthequeryimage

(a) (b)

Figure5.10: (a)Retrieval results.(a) Colorandtexturalpropertiesonly (b) aftercombin-

ing FuzzySpatialRelations.With top left imageasthequeryimage
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(a) (b)

Figure5.11: (a)Retrieval results.(a) Colorandtexturalpropertiesonly (b) aftercombin-

ing FuzzySpatialRelations.With top left imageasthequeryimage

(a) (b)

Figure5.12:Retrieval results,combiningcolor, textureandSpatialRelationproperties.



5.4Conclusion 170

(a) (b)

Figure5.13: (a) Recall,Precisioncurve from resultswith individual features(b) compar-

ative results

propertiesof thefuzzyregionsareunifiedwith thetopologicalfeatures,which is effective

in capturingspatialrelationbetweenthe regions. In theproposedapproach,queryingis

basedon usingthedescriptionof theentireimageratherthanon theattributesof oneor

two regionsof interest. The spatialrelation featuresmay be moreeffective if the seg-

mentedregions grosslypartitionsan imageinto its individual objects. However, it is

difficult to decidethe numberof classesfor all imageswithin the database.With the

increasein numberof classes,crucialdetailsof differentregion maybeobtained,which

will reducetheimportanceof thespatialrelationfeatures.Suchachoicemaynotbemuch

helpful in caseof evaluatingoverallsimilarity betweenimages.

In thepresentcase,thenumberof classesusedto segmentanimageis setequalto three.

Thischoicehasbeenmadeasacompromisebetweencomputationaltimerequiredandac-

curacy. Wecomputedtheretrieval time for every imagein thedatabaseasthequery. The

proposedapproachwasfound to requirean averageCPU time of 0.3 secsfor retrieval.

The averagetime requiredfor featureextractionis 30secs.The retrieval time primarily

dependsuponthe sizeof the image,the softwareandthe hardwareversionsthe system

runson, sizeof thefeaturevectorandthesimilarity measureused.Thetime complexity

involved for matchingandsorting
� D � GÌ°h3'D È á�åçæ È G in the presentcase.The imple-
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mentationsoftwareincludesMatlabcodesin aSUNBladesystem.Theaspectof reducing

computationaltimehasto betakencareof in future,to make large-scaleretrieval feasible

in highdimensionalfeaturespace.

Thefeatures,proposedto describetheregion boundarieshave not yet beenincorporated

for imageretrieval applications.Betterexperimentsmaybeperformedusingthesebound-

ary basedfeaturesin associationwith otherspatialrelationshipfeatures,like relative po-

sitionsbetweenregions. Otherinterestingextensionof thework couldbeto incorporate

suitableweightingfactorsin orderevaluateimportanceof individual regions,for enhanc-

ing the retrieval accuracy. Theseextensionsmay provide suitablefuture directionsfor

research.



Chapter 6

Conclusionsand Scopefor Further

Research

6.1 Discussionsand conclusions:

The presentthesishasdemonstratedthe effectivenessof somenewly proposedfeature

extractionmethodsanda featureevaluationmechanismfor imageretrieval applications.

We have tried to frametheproblemsin soft decisionmakingparadigm,becauseit plays

an importantrole in handlingvariousformsof uncertaintieslike, in datacharacteristics,

similarity evaluations,relevancefeedbackandotherstagesof aCBIR system.In thepro-

cessof designingCBIR systems,four differentproblemshave beenconsidered.These

are(i) Fuzzyedgebasedfeatureextractionfor imageretrieval. (ii) Extractionof visually

significantpoints including the cornerpointsby usingfuzzy settheoreticapproachand

a classificationbasedapproach,usingSupportVectorMachines.(iii) Retrieval of color

imagesusingfeaturesaroundthe extractedvisually significantpoints,alongwith fuzzy

featureevaluationmechanismfrom relevancefeedback,to enhancetheretrieval accuracy.

(iv) An imageretrieval schemeusingwaveletbasedcolor andtexturedpropertiesof re-

gionscombinedwith fuzzy spatialrelations,to facilitatea betterimageretrieval scheme

hasbeenproposed.
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To increasetherobustnessof an imageretrieval system,invariantfeaturesareneeded.It

is desirablethatthefeaturesusedfor characterizinganimageshouldbeinvariantto sev-

eraltransformationslikerotation,translation,scale,partialocclusionsandalsotolerantto

noisecorruption.Theseproblemshave beenextensively studiedby differentresearchers

in thefield of imageprocessingandcomputervision applications.In thecurrentthesis,

we have taken careof someof theseaspectsin designingthe CBIR systems.We have

addressedthe problemof featureextractionprocesswhenthe input imageshave under-

goneimagingdefectslike,overexposedor underexposedlighting conditions,blurringand

noisecorruption.

In the first part of our investigation,we have testedour algorithmon gray level im-

ages.Thestudyin chapter2, involvesfeatureextractionbasedon fuzzy edgedetection.

Topologicalfeaturenamely, fuzzy compactnesscomputedfrom theedgemap,is invari-

ant to rotationtranslationandscalingby definition. Theinvariancepropertieshave been

illustratedwith examples. It is found that, the fuzzy edgemap generatedat different

thresholdedplanes,arequiterich in capturingsignificantinformationof differentobjects

within animage.No prior regionsegmentationis necessaryfor evaluatingoverallsimial-

rty betweenimagesin thedatabase.

Theperformanceof an imageretrieval processdependson thekind of featuresandtheir

representationscheme.Whentherearelargenumberof imagesin a database,parameter

andthresholdselectionbecomeanimportanttask. This particularproblemis handledin

the following way. The edgepointsareassignedmembershipvaluesbasedon the local

contrast,computedfrom differencein grayvaluesoverentirerange( 0 to 255) for anim-

age.Theselectededgepointsarecategorizedasstrong,mediumandweak,basedontheir

respective membershipvalues. A judiciouschoiceof thresholdcanbe madefollowing

thecriteria. Usinga thresholdat higher ¢ OÖ£�¤�¥ planessay(0.9), thepixelswith higher

contrastmembershipvaluesareextractedwhich are termedasstrongboundarypixels.

Similarly, selectingthresholdvalueof (0.7),theedgemapwill extractmediumandstrong

typepixels.Settingathresholdvaluelessthan(0.5)will selectspuriousnoiseedgesalong
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with significantedgepoints,which mayreducetheaccuracy of retrieval.

In theproposedmethod,threefixedthresholdvalueshave beenusedfor detectingedges

for all imagesin thedatabase.A key aspectof theproposedtechniqueis that local gray

level contrastinformation is alsoembeddedwith shapeinformation. It is evident from

theresultsthatthealgorithmcanproducefairly satisfactoryresultsfor all typesof images

usingthe properlyselectedvalues. In termsof computationalcomplexity the proposed

methodis lowerthanstandardedgedetectionmethodslikeCanny’s[40] edgedetector. In

theproposedalgorithm,theparameter(
H < ), whichdeterminesthedegreeof connectedness

betweenthe adjacentedgepoints,dependsuponthe choiceof window size. A suitable

choiceof local window size,from which the valueof
H < is determinedis important. A

tradeoff betweenthecomputationtimeandaccuracy is desirable.Althoughestimationof

B < D�FEG involvesmorecomputationaltime it helpsin generatinga refinededgemapwhich

is morenoisetolerant. The comparisonof retrieval performancesbetweenthe systems

thatusesFourierdescriptorusedwith Canny’sedgedetectorasfeatureandthealgorithm

thatusestheabove proposedfeatures,establishesthatour featuresoffer betterresultsin

mostof thesituations.In our methodbettercharacterizationof imagesmaybeobtained

by virtue of matchingedgemapsat differentthresholdinglevelswhich carrycontrastin-

formationalso.Theproposedalgorithmmayalsobeusedfor any imageprocessingtask

whereextractionof edgemapsis requiredfor a largesetof images.

Thereareseveral otheraspectswhich have not beenexploredin the presentstudylike,

retrieval of similar imagesunderdifferentilluminations. Also if an imagecontainsmul-

tiple objects,the featuredescriptoralthoughhaving the invarianceproperties,(rotation,

translationandscale)cangive a generaldescriptionof the entire image. Suchfeatures

canbeusedto getan acceptableresultfor evaluatingoverall similarity betweenimages

having multipleobjectsandalsosingleobjectimage.To utilize shapefeatureseffectively,

informationregardingdeformationandocclusionof objectis required.Theperformance

of the fuzzy edgeextractionschememay be enhancedto get betterrepresentation,if it

is combinedwith otherproperties,which may includeprojective invariancealongwith
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rotational,translationalandscaleinvariancefor challengingapplicationsof objectrecog-

nition.

In chapter3, theproblemof extractingvisually significantpoints,suchasthecorner

pointsandpointswhereconsiderablechangein curvatureoccurs,hasbeenconsidered

with thefuzzy edgemapasinput. Local informationis computedfrom theextractedvi-

sually significantpoints. The informationobtainedfrom the visually significantpoints

areusedto generatesubtlediscriminationbetweenimages.We areinterestedin sucha

procedurebecausethecornerpointsandthepointsnearaboutto it, holdsagreatpotential

in generatingperceptuallysignificantinformation.Thesepointshaveawide rangeof ap-

plication in theareaof imageretrieval, computervision with anadditionaladvantageof

reducingthesearchspace.

A fuzzy rule basedapproachis usedto extractclusterof point set,wheregoodchangeof

curvatureoccursalongwith thetruecornerpoints(veryhighcurvature).Thealgorithmis

testedon a largenumberof images.To emphasizeits real life applications,theproblems

of extractingfeaturesunderdifferentilluminationsandblurring conditionsarealsostud-

ied. Althoughtheproblemof handlinguncertaintieshave beenaddressedin [61], [112],

but theproblemsof handlingimagesunderdifferentimagingconditionsandalsotheprob-

lem of selectingdifferenttuning parametershave not beenaddressed.Cornerdetection

is consideredasanimportantproblemin ComputerVision overmorethandecades.Also

therearequite a of numberof cornerdetectionmethodsreportedin the literatureasal-

readymentionedin chapter3. Onemain point to be notedis that, the performanceof

thedetectorsaredependenton several tuningparameters.Selectionof right parameters,

suitablefor particularimageis extremely important. Automaticselectionof threshold

parametersare thereforenecessaryto enhancethe accuracy of featureextraction. The

proposedalgorithmtakescareof this problem. Selectionof threshold,above which the

candidateedgepointsareselectedfor testingcornerlike propertiesis madefrom pixel

contrasthistogram.It is shown thatalgorithmperformsfairly well undervarying imag-

ing conditions,resultinginto blurred, overexposedandunderexposedimages. Results
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arealsotestedon binary images,which hasbeenchangedto gray scalewith the effect

of smoothing,requiredin thepreprocessingstepof generatingthefuzzy edgemap.One

advantageof themethodologyis that,theminimumandthemaximumpixel contrastratio

asobtainedfrom eachimagedeterminesthedynamicrangebetweenthefeetandshoulder

point, which mapsthemembershipvaluesbetween0 to 1. This increasestheflexibility

of thealgorithmfor handlingwidevarietyof images.

Wehavealsocomparedtheresultsof theproposedalgorithmwith thatof standardbench-

markcornerdetectorof Harris [84] andSUSAN[190] cornerdetector. Thecomplexity

involved in the proposedmethodis alsoanalyzed,which shows that althoughthe pro-

posedalgorithmis not computationallysuperior, but the resultsarequite satisfactoryin

termsof accuracy in locationof the cornerpointsandhandlingimprecisenessin image

data.

A moredetailedstudyis necessaryto exploit anautomaticthresholdselectionscheme,

which we believe will result into a moreusefulandflexible cornerdetectionalgorithm.

In thepresentwork, theproblemof featureextractionfrom noisy imageshave not been

addressedin details.Although,throughselectionof anexponentialfunctionandby esti-

matingdegreeof connectednessit is possibleto make theedgedetectionalgorithmmore

noisetolerantbut suchprocessinginvolved morecomputationaltime. The problemof

handlingnoisy images,in the context of properchoiceof membershipfunction canbe

exploredfurtherin futureworks.

As afurtherextensionof thiswork wehavemadeapreliminaryinvestigation,usingSVM

classifierto speedup theprocessandto tacklethethresholdselectionproblem.This was

donefrom investigationof learningtools to classifytheedgepointsandextractdistinc-

tive information. Someinterestingobservationsof this studywasnotedby considering

theedgemapasinput, that thesupportpointscorrespondto representative corners.This

problemis expectedto have interestingextensionasfutureworks.

In chapter4, retrieval of color imagesusingthevisually significantpointsis demon-

strated.Severalmethodologiesareproposedin theliterature,for effectiveimageretrieval.
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However, mostof thetechniquesinvolve imagesegmentationinto homogeneousregions,

wherethe individual regionsgrosslyrepresentan imageat differentobject levels. The

advantagesof suchmethodsarethat,spatialrelationscanbecomputedif thetheimages

having multiple objects. With suchcharacterizationit is also possiblefor a systemto

handlesubqueries.Suchrepresentationalthoughrobustbut needsto handlecertainprob-

lems,becauseof difficultiesto estimatethenumberof classesrequiredfor segmentation

of eachimagein anunknowndatabase.To tacklesuchproblemsanalternativeapproachis

popular, in which featuresfrom visually significantportionsareusedfor effective image

characterization[121], [141]. In theproposedimagerepresentationscheme,theextracted

clusterof points,which representthefuzzycornerpointsareusedascandidatesfor com-

putationof features.Along with thesefeaturessomeglobalmeasurementshavealsobeen

computedascomponentfeatures.Selectionof optimal setof featuresis donefrom the

view point of featurerankingbasedon non-redundantmutualinformationcriteria. It has

alsobeenshown that the global informationwhencombinedwith information derived

form visually significantpoints(local), cancapturebetterinformationfor characterizing

animage.Thissetof featuresareusedto retrieve images.

Wehavealsoaddressedtheissueof determiningsuitableweightingfactorsto beused

for variousfeaturesfor obtainingbetterretrieval accuracy. To tacklesuchproblemafuzzy

relevancefeedbackmethodis proposed.Theimportanceof eachselectedcomponentfea-

ture is evaluatedfrom fuzzy featureevaluationindex, computedfrom both the relevant

andirrelevantsetof images.The invariancepropertiesunderrotation,translation,vary-

ing illumination, etc. areshown with variousexamples.It hasbeenshown that, it is not

possibleto achievesatisfactoryresultsfor all typeof queriesusingafixedsetof features.

Theresultsarecomparedwith somepopularmethodslikeFIRM [51], SIMPLIcity [206]

which alsocomputeoverall similarity betweenimagesusingthesamedatabase.Consid-

erablesuccesscanbeachievedusingour method,which is shown from thecomparative

results.To testtherobustnessof theproposedmethodologywe, have alsocomparedour

retrieval results,with that of the visual featuresrecommendedfor MPEG-7 standards.
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Comparative resultssoobtainedfor someof thecommoncategoriesof imagesarequite

encouraging.To obtainfurtherimprovedresults,a detailedinvestigationof theproposed

featureweighingschemeis necessary. Thismayprovidebettercompatibilitywith MPEG-

7 featurestandardssothat thealgorithmmaybeextendedfor videodomainto achieve a

bettercomparablequality.

Oneof the importantproblemsin imageretrieval is that the searchingprocessfor each

querybecomescomputationallyexpensivewhentherearelargenumberof imagesin the

database.A propersolutionto overcomesuchaproblemis achallengingissue.A suitable

indexing methodmaybehelpful,whereby searchingoverarange,mayreducethesearch

space.Severalmethodologieshavebeenproposedusingdifferentmachinelearningtools

like, Neuralnetworks, SupportVectormachines(SVM) to classify imagesat different

levels of semanticcategories. The algorithmsproposedin FIRM andSIMPLIcity have

alsotakencareof this points.Our proposedalgorithmmaybeextendedto obtainabetter

representationscheme,by consideringasimilar strategy.

In chapter5, waveletbasedregionbasedpropertiesareusedin conjunctionwith fuzzy

spatialrelationsfor bettercharacterizationof animage.An algorithmfor segmentingan

imageinto uniform coloredtexturedregions,usingco-efficientsof waveletpacket trans-

form hasbeenproposed.Fuzzyspatialinterrelationsbetweenthesegmentedregionshave

alsobeencomputedasa measureto incorporatespatialrelations,betweenthesegmented

regions.Thefeatureslikecolor, texture,shapeaswell asthespatialrelationsbetweenthe

individual regionsplay a significantrole in representingthe overall meaningassociated

with animage.Methodologiesto computespatialrelationships[66], [152], [102] mostly

dealwith the geometricattributesof a region like (area,shape,adjacency, surrounded-

ness,etc. ). In our proposedapproach,a new ideaof extractingtopologicalinterrelation

betweenfuzzily partitionedregions,of an imagehasbeenintroduced.Theperformance

is testedon varioustypesof images. The effectivenessof the proposedfeaturesafter

combiningspatialrelation featureswith region propertiesis shown from the improve-

mentin resultsfor differentcases.Comparisonswith theothermethods,whichusevisual
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descriptorslike coloredand texture propertiesof homogeneousregions, for evaluating

similaritiesbetweenimagesarealsodone.

6.2 Futur escopeof work :

In the presentthesiswe have put our attentionin developingsuitablealgorithmswhich

mainly dealwith soft decisionmaking in featureextraction,capturingspatialrelations

betweenobjects,relevancefeedback,etc. We have shown variousapplicationson gray

level andcolor imagesfor retrieving relevantimages,from imagedatabases.

Thework reportedin thepresentthesismaybeextendedfor betterresultsandinteresting

applications.

1. In thepresentthesis,wehaveconsidered2D sceneimages.Theapplicationscould

beextendedto 3D domain,for evaluatingshapesimilarity for 3D objectsif we consider

additionalfeatureswhich arehaving the propertyof geometricalinvariance,besidethe

normal 2D invariancepropertieslike, rotation, translationand scalingtransformations

whichareusedin theproposedmethods.3DZernikeinvariantsmaybeusedasdescriptors

for contentbased3D shaperetrieval.

2. Extractionof high curvaturepoints (containingsignificantshapeinformation) is

doneusing the fuzzy edgemap as input containinggradientmagnitudeand direction

information. However, this approachrequiresa heuristicselectionof thresholdsfor dis-

criminatingtruecornerpointsfrom falseprotrusions.This tuningrequiresexternalinter-

ventionfor differentclassof images.To avoid thisproblem,wehaveusedSupportVector

Machineswhich take on thefuzzy edgemapasinput with gradientandmagnitudeinfor-

mationandextractsthe true cornerpointsas its supportpoints. This kind of approach

maybeadoptedfor suitablemodificationfor color images.

3. In the presentthesis,we have testedthe proposedmethodologiesfor imagere-

trieval, i.e.,a singleframe.Evaluatingsimilaritiesbetweenthevideoclips comprisingof
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several framesbecomesan importantresearchproblem. It is very naturalthatalgorithm

developedfor still imagescould be extendedto videodomainby incorporatingsuitable

propertiese.g.,motion vectors.To testthe robustnesson theproposedfeaturesfor pos-

sible applicationin video, we have at first comparedthe resultson 2D imageswith the

contestdescriptorsrecommendedasMPEG-7visual featurestandards.On extensiveex-

perimentsit is foundthatourexperimentsarequitecompatiblewith theresultsasobtained

from MPEG-7visualdescriptors,with anadditionalbenefitof handlinguncertaintiesdue

to blurring, noisecorruptionandintensityvariations.This alsojustifiesour ideafor ex-

tendingthe presentalgorithmfor video domain. The resultscould be further improved

with relevancefeedbackwhichhasalsobeentestedonsingleframes.

4. Thealgorithmdevelopedfor color texturesegmentationusingwaveletpacketsand

combiningfuzzy spatialrelationshipmaybe furthermodifiedfor bettercharacterization

of semanticconcepts. In caseof naturalimagessomekind of subjective evaluationis

possibleif importanceof individualregionscanbecalculated.Thenumberof occurrences

of individual regionsmaybea measure,to computea region weightingfactor. Moreover

a knowledgebasedschemecould alsobe exploited to selectthe classesautomatically.

Solutionswhich take careof thesetwo aspectsmayresultinto muchbetterscheme.The

systemmaybefurthermodifiedwhichis capableto handlequeryingonindividualregions

or blobs.

5. In real life situationsthedatabasesconsistof very largenumberwith wide variety

of images.With a givenquery, similarity evaluationis basicallya searchwith thenear-

estneighborsaroundthequerypointsor a rangesearcharoundthequerypointsimages.

Mostof thenearestneighborssearchtechniquesemploy multidimensionalindexing tech-

niquesto reducethe searchtime. Suitabledatastructures[29] for spacepartitioning (

e.g.Kd-tree)maybeused.Theproposedfeaturesmaybecoupledwith suitableindexing

techniques,for handlingvery largedatabaseswhile invoking lesscomputationaltime.

6. In thepresentthesis,wehavemainlyconcentratedonsuitablefeatureextractionfor

imageretrieval applications.Euclideandistancehasbeenchosenasa similarity measure
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for all themethods.Theexperimentsusingsomeothersimilarity measureslike, Maha-

lanobisor Bhattacharyyadistancemaybe further testedwith theproposedfeaturesasa

futurescope.



Chapter 7

Appendix

7.0.1 Multir esolutionAnalysis usingwavelets

Thefull discretewaveletexpansionof asignalthatformsanorthonormalbasisfor 8 w D�Ø w G
is givenas,

5 ±�ã � 7 ¦ Á	±@¿´w 5 D�¦ ±�¿´w ¥­O Hji G (7.1)

Theeffectof discretizingthewaveletis thatthetimescalespaceis sampledatdiscrete

intervals. s is usuallychosenas2 and
i�7 � so that thesamplingof the frequency axis

andthetimeaxiscorrespondto dyadicsampling.

An arbitraryfunctioncanberepresentedwith linearcombinationof a setof waveletsor

basisfunctions.Thesebasisfunctionsareobtainedfrom asingleprototypewaveletcalled

motherwaveletby dilations(scale)andtranslations(shift).Wavelettransformationcanbe

usedto analyzethe spaceandfrequency contentof an image. Mallat hasshown that a

signalat any resolution,canbedecomposedinto a signalat a coarserresolution,plusthe

associatedwaveletcomponents.Themultiresolutioncharacteristicsof wavlet transformis

very attractive to differentimageprocessingandvision applications[130]. Thewavelets

canbeconstructedfrom ascalingfunction u . Thediscretenormalizedscalingandwavelet

basisfunctionsfor 2D-DWT aredefinedas[130],
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uz�¶ã �zD�á¸G 7 � �³¿´w � � D � � á O H G5 �¶ã �zD�á¸G 7 � �³¿´w æ � D � � ázO H G (7.2)

where
Ü

and
H

arethe dilation andtranslationparametersand � � and æ � arerespectively

thesequenceof lowpassandbandpassfilters of increasingwidth indexedby
Ü
. (
Ü
,
H ~76 )

a positive setof integers. The full discretewavelet expansionof a signal that form an

orthonormalbasisfor 8 w D�Ø w G is givenas,

6 D�á¶G 7 �%9;: £ " < ù
' D H G u < ù ã � �

< ù
�À¾ 9 �%9;:

/ " � ' D H G 5 �¸ã � (7.3)

/ " � ' are the wavelet coefficients and £ " < ù ' are the expansioncoefficients of the coarser

signalapproximation
6 " < ù ' . The £H" < ù ' and

/ " � ' canbeinterpretedin termsof simplefilter-

ing anddown samplingoperations.The2-D DWT is computedby applyinga separable

filter bankto theimagewhere £ � D 6 � » G correspondsto low frequencies(LL)
/ 9� D 6 � » G cor-

respondsto theverticalhigh frequencies(horizontaledges,LH),
/ w � D 6 � » G horizontalhigh

frequencies(verticaledges,HL),
/ � � D 6 � » G thehigh frequenciesin bothdirections(thecor-

ners,HH).

Theimage� D 6 � » G is representedatseveralscalesby v £ / é , / y� D 6 � » G , n= 1,2,3,i=1,...,/ é { . The2D-DWT transformof an � � ,�� � imageis representedasa setof shiftedand

dilatedwaveletfunctionresultinginto subbandimages,eachof size � �¶Á 9 ,.� �¶Á 9 .
Waveletsaregenerallyexpressedby meansof filter co-efficients � y Waveletdecom-

positionscheme(onelevel, andthreelevel ) areshown in Figs.7.1and7.2.

Themultiresolutionanalysisusingwaveletpacketscanbeexplainedasfollows. Mul-

tiresolutionanalysis(MRA) analyzesthesignalat differentfrequency with differentres-

olution. Every spectralcomponentis not resolved equally. This approachmakessense

becausehigh frequency componenthasshortdurationandlow frequency componenthas

long duration. Width of the window is changedasthe transformis computedfor every

singlespectralcomponent.

Let usconsidera signal Ý ~ 8 w D�ØgG andintroducea projectionoperatorF � suchthat
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Figure7.1: Waveletdecompositionscheme
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Figure7.2: 3- level Waveletdecompositionscheme
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F ��Ý is theapproximationof Ý at theresolution
Ü
. If we associatethis

Ü
with

S
suchthat,

a= � � thenhigher
Ü

means”lower resolution”.

< ± 7 v F ±µÝaÞ Ý ~ 8 w D�ØgG { (7.4)

A multiresolutionanalysisof Ý is thenperformedby projectingÝ onsuccessivelower

resolutionapproximation.Formally, a multiresolutionanalysisof Ý ~ 8 w D�ØgG consistsof

seriesof nestedsubspaces
< � ~ 8 w D�ØgG for which

< 9#= < w = ]b]�] < y .

k l�m>nporq k(s n tvuxw l�m>nzy
(7.5)

In orderto make this ladderof subspacesa multirtesolutionrepresentation,it is re-

quiredthat,

Ý D�á¶GÕ~ < � { Ý D�á ��� Ga~ < � ;ª9}| � ~~6 (7.6)

Therequiredinvarianceof
<��

undertranslationis suchthat,

Ý D�á¶Ga~ < é { Ý D�ázO H GÕ~ < é |�� ~76 (7.7)

This meansthat thespacecontaininghigh resolutionsignalswill consistof thoseof low

resolutionsignals.This ensureselementsin a spacearesimply thescaledversionsof the

elementsin thenext space.Which maybestatedthat, if a function u D�á¶G ~ < é , thenit is

alsoin
< 9 , thespacespannedby u D�á ��� G . Thefull waveletpacketdecompositioniteratively

decomposesboth theapproximationanddetail subbandsat eachlevel. This resultsin a

largerbinarytreedecompositionthatgeneratestwo branchesfrom eachnode.As aresult,

a very largenumberof packet basescanbegeneratedfor theanalysisof many frequency

ranges.

Waveletpacketsmaybe describedby thecollectionof v�J F � D�¥µG Þ Ü ~G6 ; { suchthat,

6 ; is thesetof positive integers.
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An approximationof the function Ý D�á¶G usingwavelet packet J F y at scale
Ü

with a

down samplingfactor
Q

is,

Ý D�¥µG 7 � J F y^ã �¸ã � � Á ó ¿´w J F y D � Á	� ázO H G (7.8)

Here J F y^ã �¸ã � arethewaveletpacket coefficients.

Waveletpacketcoefficientsmaybeefficiently in termsof coefficientsat coarserscale

as,

J F w�y©�¸ã � 7 C �*D Q O � H G J F � � Ü O ��� Q (7.9)

J F w�y ;ª9 ã �¸ã � 7 C æ­D Q O � H G J F � � Ü O �©� Q (7.10)

As anexample,a2-level decompositionontheorthogonalsubspacesgeneratesbases,

F w©ã �¶ã �zD�á¸G , i= 0,1,2,3, Ô 9 ã 9 ã � (l)=1/2
5 D�á ��� O H G , Ô w©ã é©ã � (l)=1/4u D�á ��� O H G , Ô w©ã 9 ã � (l)=1/4

5 D�á ��� O H G
formsorthogonalsets.

For standardwavelet decomposition,� is restrictedto [ . Only J F é�� ( aredecom-

posed.

The choiceof wavelet scaleparameterwithin a DWT is � � , where
Ü ~ v [^�^��� � ]�]b]�] { .

Suchchoicesarenotsuitablefor analysisof highfrequency signalswith relatively narrow

bandbecausethesubbanddecompositionis appliedon thelow passcomponentplaneof

theinput image.However, many analysisapplications(suchastextureclassificationand

segmentationrequireafiner frequency analysis.)

SinceWaveletpacketscompriseall possiblecombinationsof subbanddecompositionap-

plied recursively to thelowpassandhigh passfilter resultsof thepreviouswavelettrans-

form step, it is possibleto createarbitrary tree structuresthat generatesvariouscom-

binationsof orthonormalbases[169]. As a result,betterfrequency localization,while

retainingthestructureof adiscretedecompositioncanbeobtainedtroughwaveletpacket

decomposition.

An appropriateway to performthewavelet transformfor texture featureextractionis to
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detectthemostsignificantfrequency channelsandthendecomposethemfurther. In order

to avoid thefull decomposition,anadaptive decompositionalgorithmusinga maximum

criteriaof textural measuresbasedon thestatisticsextractedfrom eachof thesubbands,

andidentify themostsignificantsubbandscanbedone.Thisenablesto selectthedesired

frequency subspacesfor furtherdecomposition.A signalcanbeadaptively decomposed

usinga selectedbasesaccordingto a selectioncondition,basedon e.g. (energy, entropy

of thesubbands).
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