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Chapter 1

Intr oduction and Scopeof the Thesis

Accessingof contentdrom digital librariesis becomingvery popularin differentapplica-
tion domainswith theadwentof the World-Wide Weh This necessitatethe development
of costeffective techniqueshatsupporteffective searcrhthroughthe contentof large dig-
ital archves. Imagesareone of the mostimportantcomponent®f the widely accessed
multimediadata.lImagesarewidely usedn every sphereof life, suchasitem catalogsed-
ucation,biomedicinecommercecrimeprevention,etc. It is oftenrequiredto find desired
imagesfrom avery large repositoryor to measurelosenesfetweerimagesavailablein
somecollections. As a result, developmentof suitableimageretrieval techniqueshas
emegedasagrowing field of researchn recentyears[187], [119].

In therecentpast,Content-BasetimageRetrieval (CBIR) techniquediave becomepopu-
lar [189], [43], [127],[108],[70], [91], [103], [36] for retrieving relevantimagesfrom an
imagedatabaséy measuringimilarity betweertheautomaticallydervedfeaturegcolor,
texture,shapeetc.) of thequeryimageandthatof theimagesstoredin thedatabas§L87].
Imageretrieval systemis broadlydividedinto two maintypesnamely annotatioror text-
basedmageretrieval and Content-BasedinageRetrieval(CBIR) [192]. Traditionalim-
ageretrieval systemausedkeywordsaslabelsto characterizemages. However charac-
terizationof imageswith text labelsis difficult in the caseof large databasesnd for

comple images. The sameimagemay be perceved differently by differentpersonsat
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differenttimes.Imagedatais very subjectve in natureandthereis no agreedvocalulary
for manualannotatiorof thesedata.As aresult,thetraditionaltext-basedmageretrieval
systemssuffer from the following dravbacks: (a) Enormousman-hourrequirementb)
errorarisingdueto variability of individual perception.Thesedifficulties call for a new
andalternatve approactknown asContent-BasetinageRetrieval.

CBIR is aimedat efficientretrieval of relevantimagesfrom large imagedatabasedased
on automaticallyderivedimagefeatures.Featuredik e color, texture,shape sketch,spa-
tial relationshipbetweerfeaturesgtc. aretakenasqueriesfor measuringrisual similari-
tiesbetweerthe queryimageandthosestoredin thedatabase.

Although,afully automaticCBIR systemis desirablebut developmentof sucha system
is a very difficult task. Humanbeingscaptureperceptuabnd semanticmeaningsrom
animageeasilybut it is difficult to achieze automatednterpretatiorcloseto humanlevel
understandinglmageswith highfeaturelevel similarities(i.e., similaritiesbetweercolor,
texture,shapegtc.) maybedifferentfrom the queryin termsof semanticsThediscrep-
ang/ betweenow level visual contentdik e (color, texture, shapegetc. ) andhigh level
semanticconceptdike ( sunrise,picturizationof somespecialevents,etc. ) is called
semantigap.Minimization of semantigapis anopenchallengingproblemin CBIR. To
bridgethis gap,userfeedbacksnay be usedin aninteractve mannemwhichis popularly
known as’relevancefeedback’mechanism.

Usingafully automaticCBIR systenmonecannotachiese satishctoryresults. Thereforet
cannotreplacewholly thetraditionaltext basedetrieval systemin the nearfuture. How-
ever, it is possiblethat a text basedretrieval systemcanbe usedin combinationwith a
CBIR systemto enhanceheretrieval accurag without totally dependingon humanan-
notation.At the sametime it takescareto minimizetheburdenonauser
Thepresenthesisdealswith thedevelopmenif severalalgorithmsfor featureextraction
of digital imagesandits applicationto perform CBIR. Useof Fuzzylogic, Waveletand
SupportVector Machineshave beendemonstratedrom featureextraction perspectie.

An imageis characterizedh termsof the extractedfeatures A fuzzy relevancefeedback
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framavork hasbeenproposedo evaluatethe extractedfeaturedrom users relevancerat-
ing in orderto improve theresults.

Finally, the developedalgorithmshave successfullybeenappliedfor retrieving relevant
imagessimilar to the queries,from real life imagedatabase.Ultimately, the described
works would be presentedhrougha chapter The said chapteris organizedasfollows.
Sectionl.1 givesa formal descriptionof the main aspectof imagesusedin imagere-
trieval andabrief descriptionof a CBIR system.Sectionl.2 describeshe mainresearch
relatedissuesin CBIR. Sectionl1.3 discussesboutthe motivation andthe focus of the
problems.Sectionl.3.1describeshe problemdefinitions.Sectionl.3.2providesa short

overview of differentCBIR approachesSectionl.3.3narrateshe scopeof thethesis.

1.1 Main characteristicsof the imageusedin retrieval

The automaticinterpretationof semanticallyneaningfulinformationfrom low-level vi-
sualfeaturedik e color, texture shape etc. is the focusof interestfor mostresearcton
imageretrieval. The users requirementganbe specifiedoy queryingfrom a databasén
theform of attributeslik e color, texture,shapespatialrelationshipsa sketch,anexample
imageor in termsof keywords.
Visual contentsof animage

The distinguishingaspectf visualinformationretrieval is thatit is basedon the avail-
ability of arepresentationf visualcontent.A digital imageconsistsof pictureelements
with finite size(pixel). Thesepixelscarryinformationaboutthe brightnessof a particular
locationin animage. Sucha digital imageis representedby a two-dimensionalmatrix
whoseelementsaremareintegernumberscorrespondingo the quantizationevelsof the
brightnessscale. Similarity definethe relation betweenimagepixels or imagefeatures
regardlesof its perceptuatausesWhenthereis muchdatain the matrix, theprocessing
time requiredto evaluatesimilarity betweenimagesat pixel levelsis very high. Better

representationf animagemay be obtainedif globalfeaturesarederivedfrom the orig-
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inal imagematrix first. Suchrepresentatioifat macrolevel) is more conciseand occu-
pieslessmemory Contentdescriptorsnayregardperceptuafeaturedik e color, texture,
shape structure spatialrelationshipetc. For the purposeof content-basedetrieval, an
integratedview on color, texture,andlocal geometryis very useful,becaus®nly aninte-
gratedview on suchpropertiescanprovide the meango distinguishamonghundredof
thousandslifferentimages.

The visual contentsof animagecanbe definedfrom (a) Low level propertieslike,
color, texture, shapeandspatialrelations. (b) Semanticproperties. that correspondo
objects,scenesimpressionemotionsandmeaningsassociateavith the combinationsof

low level properties.

The important visual featuresmay be describedasfollows:

Color features: Color makestheimagetake valuesin a 3-D color vectorspace.Com-
monly usedcolor spacancludeRGB, Munsell, CIEL*a*b*, CIEL*u*v*, HSV (or HSL,
HSB) and opponentcolor space. Thereis no agreementpn which color spaceis the
best. RGB color representatioma good choicesincethat representatiomnvas designedo
matchthe input channelof the eye. RGB-representationarein wide-spreadise. They
describethe imagein its literal color properties.Othersapproachesisethe Munsell or
the Lab-spacebecausef their relative perceptualiniformity. TheLab representatiors
designedso that the Euclideandistancebetweentwo colorsrepresentationmodelsthe
humanperceptionof color differences.The HSV-representatiofs often selectedor its
invariantproperties.Thehueis invariantunderthe orientationof the objectwith respecto

theillumination andcameradirectionandwidely usedin differentretrieval applications.

Shapefeatures: The shapepropertiescaptureconspicuouggeometricdetailsin the
image. Use of Shapefeaturesare bestway to enhanceobject-specifianformationcon-

tainedin images .Edgesandsalientpointsareoftenusedto characterizeshapeproperties.
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Salientfeaturecalculationdeadto setsof pointswith known locationandfeaturevalues
capturingtheir salience. Cornersor commonlythe high cunaturepoints are important
salientpoints usedto capturestructuralinformation within animage. With the use of
edgesand salientpoints the information of the imageis condensednto just a limited
numberof featurevalues.Extractionof edgesandsalientpointsleadsto agroupingof the
databasedn psychovisualperceptiorandmaybe usedto avoid the brittlenesof strong
segmentationinto regions.

Edges: Edgesare usedto locatethe changesn intensity functions. Edgesare
pixels wherethe intensity function changesabruptly An edgeis a propertyattachedo
anindividual pixel. It is calculatedfrom the imagefunction behaior in neighborhood
of thatpixel. It is a vectorvariablewith two componentsnagnitudeanddirection. The
edgemagnitudes the magnitudeof the gradientandthe edgedirectionis the direction
perpendiculato the maximumgradient. Thereare several popularedgedetectorsvhich
usespatialandfrequeng filtering technique$75], [86].

Corners: Cornersarevery goodinterestpoints. Cornerpointslie on sharpedges

andaregenerallydefinedfrom curvature.

Texture features: Texture containsimportantinformationaboutthe structuralarrange-
ment of surfacesandtheir relationshipto the surroundingervironment. Effective rep-
resentatiorof texturescan be madefrom the statisticaland structuralpropertiesof the

brightnesgattern.

Spatial relations: Within animage,the information betweenthe semanticallyimpor-
tant partsof image-objectsnay be derivedin termsof relationslik e, inside, top, left to,
right to, etc. Descriptionsby meansof relational structuresare appropriatefor higher

levelsof imageunderstanding.
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1.1.1 Query specification

Theimagesemantics.e, themeaningof animagehasdifferentlevelsdependingiponthe
degreeof abstractiorusedto describdt. As aresult,thedifferentquerycateyorieswhich

anefficient CBIR is expectedto handlemay be broadlyclassifiedinto 3 levels,basedon

thelevel of compleity.

Level 1: This usesprimitive featuredik e color, texture, shapeor spatialrelationshipsof

imageelementghatcouldbeextractedautomaticallyfrom theimageswithoutthe help of

externalknowledgebase.

Level 2: This level usesderived featuresinvolving somedegreeof logical inferencing
aboutthe identity of objectsdepictedin the image. For example,retrieval of objectsfor

agiventype ( find adoubledecler busin theimage)or retrieval of individual objectsor

persong find the pictureof the Eiffel tower).

Level 3 (highlevel semantics)This involvesa significantamountof high level reasoning
aboutthe meaningor the purposeof the objectsor sceneglepicted.

In the presentstate-of -the -art, the researchn CBIR hasmostly dealtwith level 1, i.e,

with low level properties. However, efforts are also being madeto achieve successn

retrieval, basednlevel 2 and3 i.e, thesemantiaspect$119].

1.1.2 Main componentsof a CBIR system

The main modulesof a CBIR systemare asfollows : (1) The userinterface. (2) The
featureextractionsubsystem(3) Theindexing subsystem(4) The queryprocessingub-
system.(5) Thefeaturematchingsubsysten{6) Relerzancefeedbackmodule[30].

1. Userinterface: The userinterfacefacilitatesinteractionbetweerthe userandthe sys-
tem,speciallywhenpresentinga queryto the databasendviewing theretrieval results.
2. Featureextraction subsystem:A subsystenfor extraction of visual properties,for

properrepresentationf images.Imageprocessingand patternanalysisare mainly used
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in orderto detectvisualpropertiesandcomputetheirmeasuresAs mentionecearlierthat,
featuresmay be groupedinto two broadcategories.(a) Low level featuregb) High level
features.Low level featuresarein generalthe featurescomputedrom the pixel values.
High level featuresmostly involve semantic®f the entireimage.In somecasesseman-
tics canbe extractedautomaticallyfrom images,basedon a combinationof a low level
featureghrougha suitablesetof rules. Semantianformationmay be partly suppliedas
textual annotationin generafor all thoseconceptghatcannotbe extractedautomatically
3. Indexing subsystem Theindexing subsystenprovidesan efficient way to accesshe
featuresof eachimagein thedatabas§l24]. If thedatabasés verylarge,thensuitablein-
dex structuresarerequiredfor carefulmanagemenaf thefeaturevectors.Hashingtables
andsignaturdiles arethecommonlyemployedindexing methodsusedto index keywords
or alphanumerietrings.

However, the visual propertieslike color, texture, shape,etc, are modeledas pointsin
a multidimensionalfeaturespace. Among the several multidimensionalpoint indexing
methods,the dynamic data structures,R-tree, K-d tree are popularly implementedin
CBIR for featurevectorindexing from alarge database.

4. QueryprocessingubsystemsPerformaecessargperation®nthefeaturesxtracted
from the queryimagesuchas,( a portionof theimagemay be submittedasa query). To
initiate aquery theuserselectsvhichfeaturesor parameterareimportantfor aparticular
casewheretheusers querymaybein termsof animage,a sketchor keywords.

5. Featurematchingsubsystem This moduleis usedto perform similarity matching
betweeneachimagein the databaseindthe queryimage. The similarity basedimage
retrieval is thetaskof re-orderingdatabasémages accordingto somespecifieddistance
measurdik e, EuclideandistanceMahalanobiglistanceegtc.

6. Suitablerelevancefeedback Automatedimageanalysisis importantbecauset pro-
videsinformation aboutthe imagewithout costly humaninteraction. In spite of its at-
tractve advantagesa fully automatedsystemcannotgeneratesatisbctoryresults. This

is becausemageswith high featuresimilaritiesto the queriesmay be differentin terms
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Figurel.1: Building Block of atypical CBIR system.

of semantics. To solve the problemof mapping,a high-level conceptin termsof low
level featuress known asminimizationof semantiaqyaps.To bridgethis gap,humanand
computersshouldinteractto refinehigh level querieswith representationsasedon low
level features.Theiterative procesof refinemenbf queriesandresultsguidedby users

feedbacks known as”relevancefeedback’(178], [224], [80], [45], [214],[192], [117].

1.2 Main reseachrelatedissuedn CBIR

Researclin CBIR is experiencinghigh potentialityin therecentpast.It hasopenedscope
in multiple domains someof which arementionedoelow.

1. Suitablefeatureextractionmodel: Researchn imageretrieval canbe exploited to

definenew waysfor automaticrepresentationf images,sothat high level conceptsan
be mappedogethemwith the extractedlow level visual featureq107], [144], [43], [70],

[103], [36], [50], [147]. However, retrieval systemsbasedon conceptuatepresentation
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of semantiaspectsarevery few andresearchn this areais still in its infangy [114].

2. Suitablerelevancefeedback SuitableRelevancefeedbackmechanisnis important
for an effective imageretrieval system[178], [224], [80], [45], [214], [192], [117], [73].

Several technigueshave beenproposedo enhancehe retrieval accurag of the system
andhasbecomeoneof theimportantissuedn CBIR research.

3. Suitabledatamodeland knowledgestructures:Suitabledatamodel[30], [180] and
knowledgestructuresarerequiredto organizethe extractedvisualinformation[60]. This
hasbecomeanimportantresearchssue.

4. Similarity models: Effective similarity modelsare usedto measuresimilarities be-
tweenthe extractedfeatureg179], [198]. Currentlyusedsimilarity models,are mostly
basedon the evaluationof properdistancefunction in the metric featurespace. The
popularlyusedmetricsare Euclidean,Mahalanobiglistance etc. Thesemodelsarenot
satishictoryenoughin mary cases.Psychologicakimilarity modelsthatfit humansimi-

larity judgmentmorecloselymustbeinvestigated.

5. Effective indexing : Operationsallowing efficientindexing of high dimensionafea-
tures,anddevelopmentof dynamicstructureghatallow changesn the databasevithout
the needfor rekuilding the whole index for large databaseare importantresearchs-

sueg162], [105], [103].

1.3 Motivation and objectives

Theaccurag of animageretrieval systemstronglydepend®n the properrepresentation
of visual contents. Underthis perspectie, the featureextractionis the mostimportant
componenbf theretrieval architecture Variousimageclasseshatcomposehe database
shouldbe clearly separatedn featurespace.Oncesuchseparationis achiesed, the re-
mainingcomponentdecomefairly easyto design. Main objective of featureextraction
is datareductionwhich meansrepresentingisual patternsby a minimal setof features

or properties Althoughminimumnumberof featuresaredesirablen developinga CBIR
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systembut in suchcaseshe accurag of retrieval may not be satishctory In general,
a tradeoff is often beingmadebetweenthe computationaktostinvolvedin considering
morefeaturesandthe retrieval accurag. In this line, the thesisis organizedto show the
retrieval performancéy addingdifferenttypefeatureswhich arediscussedh the subse-
guentchapters.

Efficient featureextractionshouldexhibit the following importantproperties

Invariance andperceptual relevance

Invarianttransformationsare thosewhich arerobustto changesn imaging conditions,
like changein illumination, linear transformationgik e rotation, translationand scaling.
Perceptuallyrelevant transformationsgnimic in someway the propertiesof the human
visualsystem.This givesriseto challengingssuedik e handlingincompletequeryspeci-
fication,incompletamagedescriptionyariability of sensingconditions(sensorygap)and
objectstatesuncertaintiesrisingdueto perturbatiorof data,individuality in perception

mechanismetc.

1.3.1 Problemdefinition

Thisthesismakescontributionsthatarerelatedto CBIR. Emphasidiasbeengivenmainly
on featureextractionfor efficient CBIR, looking into someof the practicaldifficultiesin

CBIR. Theremaybemultiple interpretatiorof the samevisualdataby differentusers.As

aresult,relevang of the retrieval arestronglyrelatedto predictionaccurag. Therefore
the systemshouldsupportmultiple features multiple representatioof featuresaccord-
ing to its relative importance Jearningmechanisnguidedby users feedback handling
of imprecisenesarisingdueto incompleteor perturbeddata,etc. As anattemptto solve
someof theseproblems,useof Soft decisionmakingthroughapplicationof fuzzy logic

in the featureextractionandfeatureevaluationmodulefor relevancefeedbackhasbeen
made. Applicationsof Waveletsand SupportVectorMachineshave alsobeenexplored

for efficient characterizatiof images.
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Thebasicoutlinesof differentcontributionsdescribedn this thesisareasfollows:

(a) Designof a Content-Basedmage Retrieval systembasedon fuzzy edgebased
features. Multilevel edgemapsconsistingof weak, mediumand strongedgepoints (
characterizedhroughgradientmembershipralues)are generatedrom a gray level im-
age.Usingthefuzzy edgemaps,afuzzy compactnesteaturevectoris computedwhich
is subsequentljusedfor measuringthe similarity betweenthe query and the database
images.Thealgorithmis alsousedto retrieve logoimages.

(b) A fuzzy-settheoreticapproachor detectionof graylevel cornersis proposed.To
testthe robustnessof the proposedalgorithm,the resultsare testedon differentimages
which have undegonechangesiueto blurring, varyingillumination, etc.

(c) A classificatiorbasedtornerdetectolis proposedusingSupportvVectorMachines
ontheextractedfuzzy edgedata.

(d) Designof animageretrieval systemby extractingsignificantcolor featuresfrom
visually significantpoints(i.e., in thelocality of thetrue cornerpoints). A fuzzy entrogy
basedmechanisnto evaluatethe featuresdrom the retrieved resultsguidedby users rel-
evancefeedbacks alsoproposed.

(d) Performsegmentatiorto extractsignificantcolored-teturedregionsusingwavelet
paclet framesandcomputefuzzy spatialrelationsbetweernthe sgmentedegionsto im-

plementa colorimageretrieval scheme.

1.3.2 A short review on different CBIR approaches

Color, texture, shape spatialrelations,etc. arethe mostwidely usedfeaturesin CBIR
applications.A shortdescriptionaboutapplicationof variousfeaturess providedin the
following subsection.We also presentthe State-of- the -artin CBIR by giving a brief
discussioron someof the popularcommerciallyavailable CBIR systems.

Retrieval by color basedrepresentations:

Colorfeatureis oneof the mostwidely usedvisualfeaturesemployedin Imageretrieval.
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Muchresearchhasbeendevotedtowardsgeneratiorof robustandefficient color features,
so that the featuresbe able to presentthe following propertiesik e, perceptuakimilar-
ity, low compleity, low dimensionswvithout affecting the retrieval accurag, changesn
imagingconditionsof the databas@magesgtc.

Eachpixel of the colorimagecanbe representedsa pointin a 3D color space.Com-
monlyusedcolorspacdor imageretrieval includeRGB, Munsell, CIEL*a*b*, CIEL*u*v*,
HSV (or HSL, HSB) andopponentcolor space.Thereis no agreementpn which color
spaceis the best. The effective and efficient computationof color indicesgenerallyre-
quire sufficient reductionin the numberof colorsto representhe color contentsof an
image.This maybeachiezedthroughcolor spaceguantization.

Imageretrieval basedpurely on color distributionsmay not achieve satistctoryresults.
Integrationof color basedfeatureswith otherfeaturesmay be usedto produceeffective
results.

Someof the popularcolor quantizatiortechniquesarementionedasfollows : Smithand
Chang[188] have partitionedthe HSV color spaceinto 166 bins, placingmoreimpor-
tanceon hue(18 levels)thanon valueandsaturation takingthreelevelseach).Median
filtering hasbeenperformedon eachof the HSV color spaceasa pre-processingtep,to
eliminatenoiseand emphasizeon prominentcolor regions. Gagliardiand Schettni[68]
have proposedheuseof multiple descriptionof colors.In their quantizatiormethod the
CIELAB colorspacss dividedinto 256 subspace&atayories). Thecolorswhich remain
perceptuallythe same,are labeledwith its own linguistic tag, accordingto ISCC-NBS
color namingsystem. Imagesquantizedby this methodarefurther clusteredn a setof
differentequialentclassegepresentinglifferentbasiccolors ( black, gray, white, red,
etc. ) to producea coarseunsupervisedegmentation.The significantcolor components
which areextractedafter effective quantizationof the color spacesanberepresenteth
mary differentwaysto representheimagecontent.

Amongthedifferentcolor contentrepresentationf images Color Histogramis the most

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

Color histogramis obtainedby discretizingimagecolorsandcounthow mary pixelsbe-
long to eachcolor. A color histogramH is a vector[h;, ...., h,] in which eachbin h;
containghe numberof pixelshaving thecolor j in theimage.Color histogramsarefairly
robustto translationandrotationaboutthe view axis andchangeslowly with the scale,
occlusionandviewing angles.Similarity betweenmagehistogramscanbe measuredn
termsof the sumof squaredlifferenceg L, metric),or the sumof absolutevaluesof dif-
ferenceq L; metric). Swain andBallard have proposecHistogramintersectiormeasure
(L1 metric) asa similarity measurdor the color histogram[196]. To take into account
the similaritiesbetweersimilar but nonidenticalcolors,Niblack et al. [62] introduceda
weightedEuclideanmetricin comparingthe histograms.In orderto reducenoisesen-
sitivity, Sticker and Orengo[193] proposedhe useof cumulatedColor Histogramsand
obtainedbetterresultsovercornventionalcolor Histogramsin [193], boundarnhistograms
hasbeenusedto encodethe lengthsof the boundariebetweendifferentdiscretecolors,
in orderto take into accountgeometricinformationin color imageindexing. Clustering
methodscanbe usedto determinethe k- bestcolorsin a givenspacewhereeachof the
bestcolorwill betakenasa histogrambin. Selectve binsthatcapturethelargestpossible
pixelsnumberss proposedn [74]. Histogramcomparisormay not generatesatishctory
results,in the caseof imagedatabas&ontaininglarge numberof images. To solve this
problem,thejoint histogramtechniquds introducedn [160].

As color histogramlacksspatialinformationof pixels, differentimagescanhave similar
colordistributions. This problemhasbeenhandledoy mary researcherg$92], [90]. Man-
daretal., have madethe useof color correlogram.Thefirst andthe seconddimensionof
the three-dimensionatistogramarethe colorsof arny pixel pair andthe third dimension
is their spatialdistance A color correlograms atableindexedby color pairs,wherethe
k-th entryfor (i, j) specifieghe probabilityof findingapixel of colorj atadistancek from
apixel of colori in theimage. A differentway of incorporatingspatialinformationinto

thecolor histogramwascolor coherencerectors(CCV), which partitionseachhistogram
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bucket basedon spatialcoherenceEachhistogrambin is partitionedinto two types,i.e.,
coherent[160] if it belongsto a large uniformly-coloredregion, or incoherentjf it does
not. Suchanapproaclgave betterresultsin the caseof imagedatabaseontaininglarge
numberof images. Other similar approachincludesapplicationof motif cooccurrence
matrix (MCM) [93]. Conceptuallythe MCM is quite similar to the color cooccurrence
matrix (CCM), however, theretrieval usingthe MCM is betterthanthe CCM sinceit cap-
turesthethird orderimagestatisticsn thelocal neighborhood.

A new content-baseanageretrieval methodusingthe color andpatternhistogramthatis
adaptveto theblock classificatiorcharacteristichasbeenproposedn [195]. A new and
effective imageindexing techniquethatemploys local uni-colorandbicolor distributions
andlocal directionaldistribution of intensity gradientis proposedn [164]. Histograms
with adaptve binshave beenproposedn [113], which performedbettercomparedo ex-
isting methodsfor histogramretrieval in termsof goodaccurag, small numberof bins
andefficient computation.

Changesn illumination conditionsmodify the colorsof animageand,affectstheresults
of the color basedalgorithms.Swain andBallard [196] have suggestethe applicationof
color constanyg algorithmto illumination independenteatures.Theirideawasmodified
by FuntandFinlaysonin which [67] histogramsof the derivative of thelogarithm,code
the length of the boundariedbetweencolors, and provesan illuminant independente-
scriptionof animage.GeversandSmouldershave proposedrariousmodelsandchecled
theirinvarianceaunderchangingconditiong70]. Oneof thecolormodelsproposedn [71],
assumeslichromaticreflectionand white illumination, andis independenof the view-
point, surfaceorientation jillumination directionandintensity It alsodiscountghe effect
of shadevs and shadings. Thesealgorithmsare usedsatishctorily for objectrecogni-
tion [69].

Color momentshave beensuccessfullyusedin mary retrieval systemdike, QBIC, [62],
[194]. Thefirst order(mean)the second(variance)andthe third order(skewness)color

momentshave beenprovedto be efficient andeffective in representingolor distribution
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of images.Although color momentsprovide a compactrepresentationt haslower dis-
crimination ability comparedo other sophisticatedeatures. Color momentscan have
good applicationin the first pass,wherethe searchspacecan be reducedbeforeother
sophisticatedolorfeaturesareusedfor retrieval. In theRecenipast,colormoment(CM)
andthecolorvarianceof adjacenpixels(CVAP) hasbeencombinedo raisethequality of
similarity measurdor imageretrieval in [44]. An imageretrieval systemwhich expresses
the semanticassociateavith the combinationof chromaticpropertiesof colorimagess
proposedn [56].

Other approachedor color imageindexing are mentionedas follows: Binaghi et al.,
[33] proposedhreefuzzy setscorrespondingo similarity in lightness(L*),hue(h*) and
chroma(C*)color dimensions.The similarity betweertwo colorssay 7 and; is defined
asafunctionof differencebetweerthe membershiyalues,in agivencolor space.
Wavelettransformshave beenusedfor effective color representatioffor imageretrieval.
In [37], multiresolutionwavelet transformhasbeenusedin a modified CIELUV color
spaceo computemultiresolutionimagesignatures.The multiresolutionwaveletdecom-
position, obtainedusing Haar wavelets are codedin signaturesof predefinediengths,
which are comparedn the retrieval phaseby applying a similarity measurepasedon
supervisedearning.

An effective salieng-basedcolor imageindexing methodhasbeenproposedrecently
in [110]. A color/texture signatureby usingjointly thewell-known color correlogramex-
tendedo salientfeaturesandrotatedwaveletfilter responses usedasfeaturedor image
retrieval. Experimentatesultsareconductedy adoptinga globalsalientapproactanda
local salientapproacho show the effectivenesof theproposedschemeA recentmethod
usedfor assessinghe contribtution of Color in Visual Attention, for imageretrieval has
beenproposedn [95]. Visual attentionis the ability of a vision system,to rapidly de-
tect potentiallyrelevant partsof a visual scene, on which higherlevel vision tasksmay
be performed.A methodologyconsistingin comparingthe computationakalieny map

with humaneye movementpatternsto assesshe quantitatve contribution of chromatic
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featuredn visualattentionis proposed.

Retrieval by texture basedrepresentations.

Texture containsimportantinformationaboutthe structuralarrangementf surfacesand
their relationshipto the surroundingervironment[30]. Effective representatiomf tex-
turescanbe madefrom the statisticalandstructuralpropertiesof the brightnesgattern.
Textureshave wide applicationsn patternrecognitionandcomputervision andalsofinds
its way in imageretrieval applications.Basically texture representatiomethodscanbe
classifiednto two cateyories:structuralandstatistical 75]. Structuraimethodsincluding
morphologicaloperatorand adjaceng graph,describetexture by identifying structural
primitivesandtheir placementules[125]. They tendto bemosteffective for regulartype
of texture patterns.The texture propertiedik e coarseness;ontrast,directionality regu-
larity androughnessetc. aremostly representettasedon statisticalmodels. The Statis-
tical methodsjncludingFourierpower spectraco-occurrencenatriceg83], Tamurafea-
ture[197], Wold decompositiorj64], Simultaneou®utoregressve model[135] Markov
randomfield [57], etc. including multi-resolutionfiltering techniquesuchasGabor[10]
andWavelet[3] transform characterizeéexture by the statisticaldistribution of theimage
intensity A brief review on texture representatioand propertieshave beenpresented
in [221]. Coeficientsof a 2-D transformareusedto indicatethe correlationof a bright-
nessatternin theimage.Coeficientsof wavelettransformsanalsobe usedto represent
frequeny propertiesof a texture pattern. Wavelettransformshave beenwidely usedfor
texture representation3], [4]. Differentmodelingof textureshave widely beenused
in imageretrieval applications.Computationabpproximationto meaningfulvisual tex-
turepropertieor psychologicahspect®f texturelik e coarsenesgontrastdirectionality
line-likenessregularity, roughnessetc. wasproposedoy Tamuraet al., [197]. A simi-
lar representatiofil18] wasobtainedaccordingto Wold decompositiorcorrespondingo
repetitvenessdirectionalityandcompleity perceptsRetrieval basedon texture similar-

ity usingWold transformbasedapproachis usedin Photobooksystem161]. Thetexture
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representatiobbasedon Wold transformis aiming to detectthe presencef periodictex-
tures,texture orientation,etc. Representatioof texturesat differentresolutionsjn order
to modeldifferentgranularitieswith SARmodelhasbeenproposedn [135] andknown
asMRSAR. As Tamuratextural featurescapturethe psychologicalaspectsof texture, it
hasbeensuccessfullyusedin imageretrieval applicationin MARS [151] andQBIC [62].
A Gaborwaveletdecompositioomodelhasbeenusedfor imageretrieval by Ma andMan-
junath[132]. Theperformancas reportedrairly comparabléo MRSAR method.
Someof therecentapproachearementionedasfollows. Recently a statisticalapproach,
usinga novel ordinal co-occurrencenatrix frameawork for the purposeof content-based
textureretrieval is proposedn [159]. A new methodfor colortextureretrieval usingcolor
andedgefeatureds proposedn [213].

Dueto the attractve advantagef multiresolutioncharacteristic®f wavelets,represen-
tation of texturesusing wavelets are extensiely usedin image retrieval applications.
Wavelet transformleadsto the developmentof adequatdools to characterizadifferent
scalesof textureseffectively. A novel histogram-basetechniquethat is robust to the
changesn imageillumination levels, whereretrieval is performedoy comparingthe pa-
rametersof histogramsf the waveletsubbandss proposedn [131]. In therecenttimes,
Cosine-modulatedvavelet transformbasedtechniquefor extraction of texture features
hasbeenproposedn [101]. The majoradwantagesof Cosine-modulate@vavelettrans-
form is that, it involveslessimplementatiorcompleity andproduceggoodfilter quality.
A recentapproachfor texture imageretrieval is proposedby using a newv set of two-
dimensional2-D) rotatedwaveletfilters (RWF) anddiscretewavelettransform(DWT)
jointly. A new setof 2-D rotatedwaveletimprovescharacterizationf diagonallyoriented
textures[100].

A very recentapproacton retrieval of structuredandrandomtexture hasbeenproposed
by [52]. In this approach,a multiscaledirectionalfilter bank (MDFB) is designedto
suppresghe aliasingeffect aswell asto provide rotation-invariantfeaturesfor texture

characterization Secondly an entrofy-basedmeasureon enegy signaturess proposed
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to classify structuredandrandomtextures. A recenteffective texture descriptorinvari-
antto translation,scaling,androtationfor texture-basedmageretrieval applicationsis
proposedn [185]. The proposeddescriptoris obtainedby first calculatingthe power
spectrunmof anoriginal textureimagefor translationinvarianceandthenthe power spec-
trum imageis normalizedfor scaleinvariance. Finally, modified Zernike momentsare
calculatedfor rotationinvariance. Wavelet-Basedlexture Retrieval Using Generalized
GaussiarDensity and Kullback-Leiblerdistanceis proposedn [59]. A recenttexture
retrieval schemepasedon rotationinvarianttexture classificationusing Gaborwavelets
hasbeenproposedn [10]. Waveletcorrelogramhasbeenusedfor imageindexing and
retrieval in [144]. RotationinvariantfeaturesusingGaborwavelets,in which redundang
problemdueto non-orthogonatlecompositiorof Gaborwaveletshasbeenaddresseds

proposedn [145].

Image retrieval by shapebasedrepresentations:
Shapefeaturesof objectsor regionshave beenwidely usedin mary content-basetnage
retrieval systemg55], [172], [172]. In generalshapedescriptioncanbe cateyorizedinto
either(a) Boundary-basedethods.(b) Region-basednethods.Boundary-basedeth-
odsinclude polygonalapproximation[11], finite elementmodels[181], Fourierbased
shapedescriptorsetc.[9], [96]. Region-basednethoddncludestatisticalmomentgd97],
geometrigpropertiesof regions,like areacompactnesslongatednesgtc.[58]. A good
shaperepresentatiofeaturefor an objectshouldbe invariantto translation rotationand
scaling.A surwey on shapeanalysisechniquesasbeenperformedn [120]. Fourierde-
scriptoris popularlyusedasoneof theboundarybasedshapealescriptorsFourierdescrip-
torsdescribehe shapeof anobjectwith the Fouriertransformof its boundary[219], [9].
The Fouriertransformsof contourrepresentationgeneratesetsof complex coeficients,
representinghe shapeof anobjectin thefrequeng domain.A recentwork on Retrieval
of ShapedJsing Phaseof Fourier Descriptorsand Time Warping Distanceis proposed

in [24]. A recentapproacltusingFourierdescriptoran multiple scaleswhich improves
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theshapeclassificatiorandretrieval accurag in comparedo ordinaryFourierdescriptors
is proposedn [107].

Invariantmomentsarealsopopularlyusedasshapedescriptors A setof serenmoments
invariantto rotation,translationrandscalehave beenproposedy [89], to describeshapes
completely A solutionconsideringheissueof invariancewith Zernike Momentsfor ob-
jectrecognitionhasbeenproposedn [97]. Mehreetal., have comparedheperformances
of differentshaperepresentationm [140]. A digitization processthat preseresseveral
propertief theobjectboundarysuchascorvexity andinflectionin presencef noiseor
aboundarydiscontinuityis proposedn [77].

Representationf shapeasmodaldeformationf aprototypeobjecthasbeenconsidered
in [161]. In this method shapedescriptionusingfinite elementmodelandshapecompar
isonbetweentwo FEM shapeepresentationaremadefrom deformingoneelasticshape
modelto align with the other Bimbo et al., have consideredn [31], the shapesimilar-
ity which accountdor the amountof deformationof a sketch. Suchtechniqueis based
on elasticmatchingof sketchedtemplatesover the shapesA retrieval methodby shape
similarity usinglocal descriptorss proposedn [27] whereshapesrepartitionedinto to-
kensin correspondenceith their protrusionsandeachtokenis modeledaccordingto a
setof perceptuallysalientattributes. Shapandexing is thenobtainedby arrangingshape
tokensinto a suitablymodified M-tree index structure.Evaluatingshapesimilarity from
finding correspondingbetweenthe points on two shapeshasbeensolvedin [26]. The
correspondencproblemhasbeensolved by attachinga shapedescriptorandthe shape
contet to eachpoint, wherethe shapecontet at a point captureghe distribution of the
remainingpointsrelative to it. Giventhe point correspondenceey also estimatethe
transformationghat bestalignstwo shapesA very recentapproachin which a contour
basedmethodfor region basedshaperepresentatiomndretrieval is proposedn [218].
In this approacha one dimensionalkignaturefunctionis generatedrom a two dimen-
sionalregion shapeandusedfor imageretrieval. Shapeepresentatiofrom orientationof

edgemaphasbeenproposedy Fariboezetal., in [128]. A shape-basennageretrieval
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methodusing salientedgeshasbeenproposedn [81]. A content-based@nageretrieval
algorithm basedon information of codedblocks which are usedto find matchesfrom
animagedatabases proposedn [53]. A recentwork usinginformation of edgecolor
histogramsn imagesretrieval applicationshasbeenproposedn [204]. Combinationof
edgesandinterestpointsare alsousedfor efficient featuredetectionto increasethe ac-
curag of theimageretrieval system.A very recentwork on object-basedmageretrieval
usinga methodbasedon visual-patterrmatchinghasbeenproposedn [54]. In this ap-
proachyisualpatternis obtainedby detectingheline edgefrom asquareblock usingthe
moment-preservingdgedetector A voting schemebasedon generalizedHoughtrans-
form is proposedo provide objectsearchmethod,which is invariantto the translation,
rotation,scalingof imagedata,andalsoinvariantto orientationrandposition.A new adap-
tive edgedetectionapproactbasedon predictive errorvalues for imagecontentanalysis
hasbeenproposedn [215], wherethe performancés shavn to be betterthansomeof the
standarcedgedetectors Co-eficientsof waveletshave alsobeenusedfor shapaepresen-
tation. A shapeébasedmageretrieval basedn adaptve waveletlifting approachasbeen
proposedn [150]. In this approachthe featurevectorsare computedoasedon moment
invariantsof detailco-eficientsproducedy adaptvelifting schemesA recentapproach,
for affine invariantshapeaepresentatiorgombiningapproximatiorcoeficientsfrom two
differentwaveletfamilieshave beenproposedn [175].
GraphbasedShapamatchingapproachasbeenusedby mary researchersA hierarchical
representatiofor shapeanalysisat multiple scaleshasbeenperformedn [32] by Bimbo
etal. In thisapproachshapesimilarity is measuredrom traversingthegraphfrom coarse
to fine similarity matching.GraphbasedShapematchingdoneon structuraldescriptions,
usinga setof rulescalledshapegrammardgs donein [184], [182]. A recentgeometry-
basedmageretrieval schemeahatmakesuseof projectvely invariantfeaturedik e cross
ratiohasbeenproposedn [168]. Theresultshave beenshavn to beeffectivein retrieving
imageshaving man-madeobjectsrich in polygonalstructuredik e buildings, rail tracks,

etc. Retrieval irrespectve of view point andillumination changess obtainedusingthis
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approach.A corvexity measurdor recognizingrectilinearstructureshasbeenproposed
by [225]. This shapemeasuras appliedon imagedatabaseonsistingof imagesyich in
structuraldescription.

Although several approache$or measuringshapesimilarities have beenproposed but
determiningthe similarity betweerBD shapdrom 2D imagesjs afundamentaproblem.
A techniquefor extractingfeaturesfor shapesimilarity for 3D objectmodelshasbeen
presentedn [191]. The methodincludesextractionof spatialarrangementrom a 3D
objectsurfacefollowed by extraction of 2D shapefeaturesfrom the projectionimages
usingcurvaturedistribution of modelsurfaces.3D Zernike invariantsusedasdescriptors
for contentbased3D shaperetrieval hasbeenproposedn [149]. Thesemomentsare
computedasthe projectionof the functionsdefiningthe objectonto a setof orthonor
mal functionswithin the unit ball andthenusedasfeatures.Shapematchingbecomes
challengingproblemwhenthe objectis occluded.This aspecbf shaperepresentatiois
usefulin mary applications Recentlya problemon partialshapematchingusingdirected

agyclic graph(DAG) hasbeenproposedn [109].

Retrieval by Spatial similarity :

Spatialrelationsbetweenobjectsin animagecancontribute significantlyto the descrip-
tion of its content. The relative positionslik e left, right, belonv above, etc. to an object
may be usedto capturemeaningfulsemantianformationfrom animage. Freemar{66]
defined11 primitive spatialrelationsbetweentwo objectslik e (left of, right of, above,
belaw, behind,in front of, near far, inside,outside surroundgtc). It hasalsobeenrecog-
nizedthatthey arebestdescribedn anapproximatgfuzzy) framewvork [102].

A new CBIR systemwhich evaluateghesimilarity of regionsoneto the other takinginto
accounthespatialconfiguratiorof differentregionsis proposedn [63]. In thisapproach,
the spatialstructureof theregionsis representetlty meansof fuzzy spatialrelations like
horizontaland vertical disposal. A very recenthistogramrepresentatiomethodcalled

R-Histogramthat extendsthe histogramof anglesby incorporatingboth anglesand la-
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beleddistancedor representingopologicalspatialrelationslik e, insideand overlapfor
its applicationin imageretrieval is proposedn [208]. An imageretrieval method where
multiple regionsandtheir spatialrelationshipare usedin comparingimagesand Haus-
dorff Distance(HD) is usedto estimatespatialrelationshipsetweerregionsis proposed
in [99]. MatchingSpatialRelationdUsingdb-Treefor ImageRetrieval hasbeenproposed
in [116].

Spatialrelationshipsmodeledin the framework of fuzzy setsfor defining topological
propertiedik e (setrelationshipsadjaceng) andmetricalrelations(distancesgirectional
relative position) have beenanalyzedandreviewedin [35]. Geometrybasedepresenta-
tion andgraphmatchinghasbeenpopularly usedto represenspatialrelationswhich is
proposedn [103]. Fuzzyspatialsimilarity hasbeenusedto assessheretrieval accurag

of thetechniques.

Retrieval by Combination of features:
A single featurecannotbe sufficient enoughto generatea meaningfulcharacterization
of animage. As eachfeaturetries to capturea particularaspectof an image content,
a combinationof featuresis generallyusedfor more meaningfuldescriptionof image
content. A weightedhistogrambasedcombinedapproachwherethe shapeof anobject
is representedby histogramsof edgedirectionsand color with color histogramss pre-
sentedn [91]. A region basedapproachgconsideringnomogeneousegionswith similar
color andtextureis proposedn Blobworld [43]. In their approachjmagesegmentation
is performedby fitting a mixture of Gaussiango the pixel distribution in a joint color
texture positionfeaturespace.lmagequeryingis donebasedon the regionsof interest.
The QBIC [62] systemsupportsusersto retrieve imagesby color, texture andshape.In
their method,the color featurescomputedare, the 3D averagecolor vectorof an object
or the whole imagein RGB, YIQ, and Munsell color space,a 256-dimensionaRGB
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;ontrast,and directionality features
proposedby Tamura. QBIC allows queriesbasedon exampleimages,userconstructed
sketchesor/andselectedcolor andtexture patterns.Virageis anotherCBIR system that
supportsvisualqueryingbasedon color, texture andspatial-relationshipThe VirageEn-
gine[12] providesasetof generaprimitives,suchasglobalcolor, local color, textureand
shapesApart from these variousdomainspecificprimitivescanbe createdvhendevel-
opinganapplication.Queriescanbe performedon varioususerdefinedcombinationof
primitives. Photobool{161] implementsthreedifferentapproacheso constructingim-
agerepresentationfor queryingpurposeseachfor a specifictype of imagecontentsuch
as, faces,2D shapesandtexture images. The matchingalgorithmsinclude Euclidean,
Mahalanobisyectorspaceangle,Histogramintersection Fourier peakandwavelettree
distanceasthe distancemetrics. Combiningcolor andshapéanvariantfeaturesor image
retrieval hasbeenproposedn [72]. An approacho represenspatialcolor distributions
usinglocal principalcomponentinalysis(PCA), followed by a symmetrybasedsalieny
map and an edgeand cornerdetectoris proposedn [87]. An integratedregion match-
ing approachwherethe regionsare characterizedby color, texture, shapeJocationand
applicationfor semanticsensitve classificatiorof picturelibraries,hasbeenproposedn
SIMPLIcity [206]. Wavelet basedsalientpointsare evaluatedfor imageretrieval using
the color andtextural featuresin [121]. The conceptof image-transfornbootstrapping
usingtransformsin the imagespacefor applicationin the casesof scenematchinghas
beenproposedn [126]. A veryrecentimageretrieval mechanisnbasedon joint model-
ing of semantidabelandvisualfeaturedistributionsis illustratedin [41]. The proposed
methodis shawvn to be fairly robustto parametetuning. RecentlyContent-base@nage
retrieval (CBIR) systemwith relevancefeedbackwhich usesthe algorithmfor feature-
vector (FV) dimensionreduction,is describedn [217]. Insteadof all FV components
describingcolor, line directions,andtexture, only their representatie membersescrib-
ing FV clustersareusedfor retrieval. A memorylearningframework for effectiveimage

retrieval, which usescombinationof low-level featuresandlearnedsemanticdhasbeen



1.3Moti vation and objectives 25

proposedn [80]. A CBIR systemwhich automaticallygenerates setof modifications
by manipulatinghefeatureqcolor, texture,shapepf thequerysegmentsrom relevance

feedbacks proposedn [8].

Retrieval using Fuzzy settheoretic approach:

In image interpretation,computervision, structuralrecognition,etc. the management
of imperfectinformationand imprecisionconstitutesan importantissue. This calls for
the framework of fuzzy sets. A fuzzy setframeawork is usedfor representingeatures
that areintrinsically vague. If the objectsare preciselydefined,their relationshipscan
be definedandcomputedn a numerical(purely quantitatve) setting. On the otherhand
if the objectsareimprecise,asis oftenthe case,whenthey are extractedfrom images,
thenthe semi-quantitatie framavork of fuzzy setsprovesto be usefulfor their repre-
sentationsin CBIR systemsthe queriesthatareusedto retrieve imagescanbe broadly
classifiedas primitive (basedon featuressuchas color, shape andtexture), logical and
abstract(mostly Sketch-basednd linguistic queries). Logical and abstractqueriesare
sometimesknown assemanticqueries. Digital imagesareinherentlyfuzzy. Evenare-
gion appearingas homogeneouso humanvision systemhasa gradedcompositionin
termsof graylevels[200]. Evaluatingsimilarity betweenmagesis alsoa fuzzy concept
owing to differencesarising due to individual perception. It canbe shavn that fuzzy
setscan be usedto model the vaguenesshat is usually presentin the image content,
userquery similarity measurerelevancefeedbacketc. Fuzzysettheorycanbe useful
in building a more versatileCBIR systemthat canhandlequeriesof differenttypes. A
fuzzy logic approachlJUFM (unified featurematching)for region-basedmageretrieval
is proposedn [51]. In their approachanimageis representedby a setof segmented
regions, eachof which is characterizedy a fuzzy feature(fuzzy set) reflectingcolor,
texture,andshapeproperties.As a result,animageis associateavith a family of fuzzy
featurescorrespondingo regions. The overall similarity betweenimagesis definedas

the similarity betweenwo familiesof fuzzy sets.Fuzzysettheoryis effectively usedto
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describeanimageretrieval systemcalled FIRST (FuzzyImageRetrieval System)[103]
which canhandleexemplarbasedgraphical-sktch-basedaswell aslinguistic queries
involving region labels attributes,andspatialrelations.FIRSTuses~uzzyAttributedRe-
lational GraphgFARGSs)to represenimageswhereeachnodein thegraphrepresentan
imageregion andeachedgerepresents relationbetweentwo regions. The givenquery
is corvertedto a FARG, anda low-compleity fuzzy graphmatchingalgorithmis used
to comparethe query graphwith the FARGs in the database.The useof an indexing
schemebasedon a leaderclusteringalgorithmavoids an exhaustve searchof the FARG
database.Quantitatve Analysis of Propertiesof SpatialRelationsof Fuzzy ImageRe-
gionshasbeenproposedn [102]. Applicationsof FuzzyLogic in IntelligentSystemdor
analysisof fuzzinessn imageinformationandsceneanalysishave beenproposedy Pal
etal., [152]. An Imageretrieval schemewhich expresseshe semanticsassociateavith
the combinationof chromaticpropertiesof color imagesis proposedy Pala Bimbo et
al.,in[56]. In their approachfuzzy setsareusedto representow-level region properties
suchashue, saturation luminance,warmth, size and position. A formal languageand
a setof model-checkingulesareimplementedo definehigh-level propertiesnvhich ad-
dressconceptsuchastheperceptuatjuality of colorsandthesensationghatthey corvey.
An imageretrieval techniquebasedon Fuzzysettheoreticevaluationof color similarity
hasbeenproposedn [33]. A veryrecentfuzzy approacHor imageretrieval onthe basis
of colorfeaturess presentedh [34]. A fuzzy coloris proposedby usinglinguistic labels
for representinghe color informationin termsof hue, saturationandintensity Manip-
ulation of fuzzy objectsin an object-relationablatabaseystemis alsoprovidedin [138]
for handlingflexible querieson the databaseAn imageretrieval systemBasedon Fuzzy
Color HistogramProcessings proposedn [212]. A fuzzy color histogrambasedmage
retrieval systemis proposedn [79] to addresghe concerndik e, the sensitvity to noisy
interferencesuchasillumination changesandquantizatiorerrors. Theapproactpresents
anew color histogramrepresentatiorngalledfuzzy color histogram(FCH), by consider

ing the color similarity of eachpixel’s color associatedo all the histogrambinsthrough
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fuzzy-setmembershigunction. Betterresultshave alsobeenshovn usingthis method,
thanusing corventionalapproachesf color histograms.The problemof discretization
in digital spacenasbeenhandledwith fuzzy settheoreticapproachn [186]. The method
presentseveral measurementsn digitized 2D and 3D objectswith fuzzy borders.The
performancef surfacearea,volumeandroundnessneasurestimatordgor digitizedballs
with fuzzy bordersareobtainedrom fuzzy segmentatiorof objects.Themethodis used
as betterestimateof analogougjuantitiesof the correspondingeal objects,thanthose
obtainedfor, crisply segmentedobjects. An imageretrieval system,posingqueriesat

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

mappingthefuzzy databasevhile extractingthe color featuredrom imageandassigning
theweightsto this fuzzy contentwhencalculatingthe similarity betweerthequeryimage

andtheimagesin database.

1.3.3 Scopeof the thesis

The objective of the thesisis to develop somesuitablelow-costfeatureextractionalgo-
rithmsfor specificapplicationin Content-BasetinageRetrieval. Emphasishave mainly
beenmade,on developing appropriatemethodologiesising soft decisionmaking with
Fuzzylogic, in the featureextractionandfeatureevaluationmodulesin orderto handle
certainimprecisesituationswhich areaddresseth Chaptersdl, 2, 3, 4.

Waveletshave beenrecentlyusedas a powerful tool for extracting significantfeatures
bothin spatialandfrequeny domain. Therearevariousapplicationsof waveletsin the
areaof texture analysig[106], [6] suchasdocumenimageanalysis[5], remotesensing
imaged7], applicationsn theareaof datahiding[129], etc. It hasbeendecided{o choose
waveletsfor exploring its suitability for extractionof featuresn CBIR applications.Use
of waveletpacletsfor segmentingimagesnto homogeneousegionshave beenexplored.
SomeFuzzyTopologicalpropertieshave alsobeenconsideredo capturethe spatialrela-
tions betweerthe sggmentedegions. Thesepropertiesareusedto characterizenimage

in chapters.
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SupportVectorMachinesarewidely usedin variousapplicationdomainssuchaspattern
recognition,datamining158], [142] imageprocessingetc.[143] for its implicit learning
capabilities.Supportvectormachinehasbeenusedasatool for applicationin imagepro-
cessing.This hasbeenusedin extractionof graylevel corneran chapter3.

The organizationof the thesisis depictedin the flow diagramof Fig. 1.2 outlining the
contributionsof thethesis.The detailedresultsandinvestigationsaresummarizedinder

eachchaptereading.

1.3.4 A brief intr oduction about differ ent tools usedin developing

algorithms

A brief discussioraboutFuzzylogic, Wavelets,SupportVectorMachineswhichareused
in differentstagesn developingthe algorithmshasbeenfurnished.Although, a detailed
discussioron the above- mentionedtopics are beyond the scopeof this work, only the

relevantportionsthatwill berequiredin therestof thethesiswill bediscussed.

Wavelet:

Thetermwavelet meansmall wave

The basicideaof wavelettransformis to represenain arbitraryfunction f(x) asa setof
linear combinationof a setof waveletsor basisfunctions[130]. Thesebasisfunctions
are obtainedfrom a single prototypecalled Mother wavelet by dilations (scaling)and
translationcalledshift. The motherwaveletis a prototypefor generatinghe otherwin-
dowed functions. Smallmeanshewindow of thefunctionis of finite length(compactly
supported) Wavelettransformusebasisfunctionsto analyzeandreconstruct function.
Waveletcut up datainto differentfrequeny componentaindthenstudyeachcomponent
with aresolutionmatchedo its scale.

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

(b) Discretewavelettransform(DWT)
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The CWT is givenby,

CWT(r5) = Wi(rs) = —— [ altyr () (L1)

viEl
T — translations — scaleparameter
¥(t) is themotherwavelet.
It is necessaryo discretizethetransformfor computationapurpose.Thefull discrete

waveletexpansionof a signalthatformsanorthonormabasisfor L?( R?) is givenas,

Yir = s 2p(s7%t — k) 1.2)

Theeffectof discretizingthewaveletis thatthetime scalespacds sampledatdiscrete
intenvals. s is usuallychosemas2 andr = 1 sothatthe samplingof the frequeny axis
andthetime axiscorrespondo dyadicsampling.

MultiresolutionanalysistMRA) analyzeghe signalat differentfrequeng with different
resolution. A brief descriptionaboutdyadic wavelet transformand paclet transformis
presentedn the Appendix.

Fuzzy Sets:

A fuzzy setA in asetof pointsR = {r} is aclassof eventswith a continuumof grades
of membership.It is characterizedy a membershigunction 14 (r) which associates
arealnumberp4(r) € [0,1] with eachelementof R. p4(r) atr representshe grade

of membershipof r in A. Formally, a fuzzy set A with its finite numberof supports

ri,To, ..., 7y IS definedasa collectionof orderedpairs

A={(pa(ry),ri),i=1,2,..,t},

wherethe supportof A is anordinarysubsebf R andis definedas

S(A) ={r|r € Rand pua(r) > 0},

Herepu; = pa(r;), the gradeof membershimf r; in A, denoteshe degreeto which
aneventr; maybeamemberof A or belongto A. It is to notethatu; = 1 indicatesthe

strictcontainmenbf theeventr; in A. If, ontheotherhand,r; doesnotbelongto A then
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Fuzzylogic is basedon thetheoryof fuzzy sets[216]. Unlike classicalogic, it aims
at modelingthe imprecise(or inexact) modesof reasoningandthoughtprocessegwith
linguistic variables)that play an essentialole in the remarkablenumanability to make
rationaldecisionsn anervironmentof uncertaintyandimprecision.This ability depends,
in turn, on our ability to infer an approximateanswerto a questionbasedon a storeof
knowledgethatis inexact,incomplete,or not totally reliable. In fuzzy logic everything,
including truth, is a matterof degree. Zadehhasdevelopeda theory of approximate
reasoningobasedon fuzzy settheory By approximatereasoningwe refer to a type of
reasoninghatis neithervery exactnorveryinexact. Thistheoryaimsat modelingthe hu-
manreasoningandthinking processwith linguistic variablesin orderto handleboth soft
andharddata,aswell asvarioustypesof uncertainties Many aspectf the underlying
concepthave beenincorporatedn designingdecision-makingystems.

Becausduzzy setsarea generalizatiorof the classicakettheory the embeddingf con-
ventionalmodelsinto a larger settingendavs fuzzy modelswith greaterflexibility to
capturevariousaspect®f incompletenessr imperfection(i.e., deficiencies)n whatever
informationanddataareavailableaboutarealprocess Assignmenbf membershigunc-
tionsof afuzzy subsets subjectvein nature andreflectshecontext in whichtheproblem
is viewed. It cannotbe assignedrbitrarily. In mary casesit is corvenientto expressthe
membershigunctionof afuzzy subsein termsof standards andr functions[155]. It is
to notethatfuzzy membershigunctionandprobability densityfunctionareconceptually
different. Probabilitiescornvey information aboutrelative frequenciesof objectswhile
fuzzy membershipepresentsimilaritiesof objectsto impreciselydefinedproperties.
Support Vector Machines:

SupportVectorMachinesarea generaklassof learningarchitecturenspiredfrom statis-
tical learningtheory that performsstructural risk minimizationon a nestedsetstructure
of separatindiyperplane$202]. A principle methodfor choosinga learningmachinefor
a giventask,is the essentialdeaof structuralrisk minimization. Given a training data,

the SVM trainingalgorithmobtainsthe optimal separatindiyperplanan termsof gener
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alizationerror. For a labeledtrainingdatasay {z;,y;}, wherei = 1.... |, y; € {—1, 1},
x; € R™. Supposeve have somehyperplanevhich separatethe positive from the nega-
tive examplegqaseparatindiyperplang. Thepointsx whichlie onthehyperplanesatisfy
w . X + b =0, wherew is normalto the hyperplane|b| /||w|| is the perpendiculadistance
from the hyperplango the origin, and||w|| is the Euclideannormof w. Letd, + (d_)
be the shortestdistancefrom the separatindhyperplando the closestpositive (negative)
example.Themamin of aseparatindiyperplanes definedto bed. (d_). For thelinearly
separablease the supportvectoralgorithmsimply looks for the separatinghyperplane

with largestmamgin.

1.3.5 Chapter 2: Image Retrieval Using Edge BasedFeatures[19],
[18]

In Chapter2, A CBIR systenbasedn fuzzy edgebasedeatureshasbeenproposedThe
work hasbeenstartedwith the CBIR problemfor applicationin the caseof gray level
images. Among the variouslow level features,shapebasedfeatureshave goodimage
retrieval applicationd30]. Imageretrieval usingedgebasedeatureshave beenproposed
in [42], [223]. However, the commonproblemin mostof the edgerelatedmethodsare
thatthefeaturesaresensitve to noiseandtransformationsik e rotation,translation scale,
etc. Moreover, in CBIR the usersaremoreinterestedn retrieval of resultsaccordingto
similarity (closenesshhanequality (exactness)Also digital imagesareinherentlyfuzzy
in nature[200].

Motivatedfrom theseadeas fuzzy settheoreticapproacthasbeenadoptedor appropriate
handlingof the uncertaintiesarisingin thefeatureextractionprocess.
Thetaskinvolvesextractionof thecandidateedgepixelsfrom theborderregionsbetween
the uniformintensity surfacestermedasPlateausThe extractedcandidatesreassigned
membershiwalues by measuringhelocal contrasin theneighborhoodin orderto char

acterizeits edgestrength.The edgepointsarecharacterize@sstrong,mediumandweak



1.3Moti vation and objectives 33

type basedon the assignednembershipralues. Thresholdingabove differentmember
shipvaluesresultsin multilevel fuzzy edgemap consistingof weak, mediumandstrong
edgepoints. Fuzzy Topologicalfeaturesare computedirom eachthresholdedlane,for
constructinghe featurevector

Thekey adwvantageof theproposedeatureis thatthe Topologicalfeaturescomputedrom
eachplaneis invariantto rotation,translatiorandscalingby definition. Thelocal contrast
informationis alsoembeddedn the featurevaluein additionto the shapeproperty It is
expectedthatrelevantimageswould generatéetterresults whenmatchedat eachlevel.
Euclideardistancas computedetweerthefeaturevectorsto evaluatesimilarity between
images.

Thealgorithmis testedwith differentqueryexamplesof grayscaleimages.Thealgorithm
performswell undertransformationdik e rotation,translation scaleandnoise. The algo-
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 betterrepresentationf images,
efforts have beenmadeto obtaina subsebf edgeswvhich may be salientandandrich in

structuralinformation. Pointshaving high cunvatureon the planarboundariesyhich are
commonlyknown ascornerscan be usedefficiently to representifferentobjectsof an
image.Cornerscharacterizerisually significantportionsof animageandplay animpor-

tantrole in shapeperception Featuresn thelocality of the cornerregionscanbe usedto

represenanimage.

Classicalcorner detectorg[84] are mostly usedfor the purposeof characterizingm-

ages[121]. Classicalcornerdetectorshave somedravbackswhen appliedto various

naturalimagesfor computationof local features pecausevisually significantpointsare
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notalwaysexactly at cornersandthe positionof cornersmayalsovary underseveralreal
life situations.

Reallife imagedataare alwaysimprecisedueto inherentuncertaintieghatarisein the
imaging processsuchasdefocusingwide variationsof illuminations, etc. This results
into blurred,over exposedor underexposedconditions.As a result,preciselocalization
and detectionof corneris difficult undervariousimperfectsituations. Motivatedfrom
thesedeas,afuzzy settheoreticapproacthasbeenusedfor developingthe cornerdetec-
tion algorithm. Dominantcurvaturepointscanbe represente@s entitiesof a fuzzy set
whereexactcornerpointis alsoamember

The proposednethodinvolvesextractionof the fuzzy edgemap. The pointsontheedge
mapare categorizedas straightedgepoints, cornertype points, etc. takinginto account
the variationsin the local propertieswith its neighbors.By applyingfuzzy ruleson the
cateyorizedpoints, the significantcurvatureregionsare separateaut. Clusterof points
nearthe curvaturejunctionswere obtained whosecentroidalmostdepictthe true corner
point. Thesesetof pointsaretaken for computationof local featuresandconsidereds
the sourceof similarity evaluation.

Resultshave beenfound satishctorywhentestedon imagesthathadundegonevarying
imaging conditionslike blurred, overexposed,under&posed,etc. The resultsare also
comparedvith standardalgorithmsof Harris detector{84] and SUSAN method[190] to
prove theefficiengy of the proposedeatureextractionalgorithm.
Althoughtheproposeduzzyrule basedapproactpresenta simplecornerdetectionstrat-
egy, it lackslearningcapabilities.In orderto incorporatamplicit learningcapabilityfor
obtaininggoodperformancdor awide rangeof imagesa SupportVectorMachineis de-
signedusingthefuzzy edgemapasinput. Thecritical pointsin theclassificatiorproblem

correspondo the cornerpointsin the proposednethod.
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1.3.7 Chapter 4 . Retrieval of Color Imagesusing Significant Fea-
turesand their Evaluation with Fuzzy Model [16], [21], [23],
[22]

In chapte, consideringheextractedvisually significantpointsbasedn fuzzy approach
asobtainedin chapter3, a reducedrepresentatie setof the original imageis obtained.
With anaimto enhanceheaccuray for retrieval of relevantimagestheextractedcluster
of high curvaturepointsare consideredor computationof features.Naturalimagesare
mainly heterogeneousyheredifferentpartsof the imagehave differentcharacteristics.
As aresult,global featuresare inadequatdo generatean effective representatiomf an
image. Local featuresaroundvisually significantpointscanbe usedfor generatinglis-
criminatingfeaturedor imagematchingandretrieval applicationd141], [121].
Consideringhe extractedpoint setasthereducedepresentatie of the originalimage,il-
lumination,viewpointinvariantcolor featuresarecomputedrom the extractedlocations
of eachcomponenplanefor evaluatingsimilarity betweernmages A relevancefeedback
mechanismusingfuzzy entrofy basedeatureevaluationis provided for interactve en-
hancementf retrieval accurag. Theusermarksthesignificantandinsignificantoutcome
of theretrievedimages Basedonthisfeedbackjndividualfeaturesaareweightedandnext
setof resultsareretrieved.

The performanceof the proposedmethodologyare testedon differenttype of images
from a generalpurposeémagedatabaseThe resultsobtainedfrom the proposednethod
arealsocomparedvith theresultsobtainedrom [51], [176]. Successie improvementof
theresultsafterrelevancefeedbackhasalsobeenchecled. Theresultsarealsovalidated

with MPEG-7standardsisual contentdescriptors.
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1.3.8 Chapter 5: Image Retrieval Using Wavelet BasedSegmented
Regionsand their Fuzzy Spatial Relations[20]

In chapter5, a region basedapproachor imageretrieval hasbeenproposed.Although,
the featurescomputedrom the visually significantpointsof interestcansene asa con-
siderablygood measurdor capturingthe salientaspectf animage,but to capturethe
propertiesof eachobjectandto generatea representatiomuite rich in semanticinfor-

mation,the objectsneedto be isolated. This requiressuitableseggmentationalgorithms
capableof sggmentingtheimageinto individual regions.

An algorithmto sggmentanimageinto fuzzy regions,basedon the coeficientsof multi-

scalewavelet paclet transformhasbeendeveloped. The featurescomprisethe colored
texture propertiesof the sgmentedimageand the spatialrelationshipbetweenthe im-

ages. The objectve is motivatedtowardsbettercapturingof the semanticinformation
associatedvith the scene. It hasalsobeenshown that the systemperformsfairly well

whentestedon generalpurposeémagedatabaseTheresultsaretestedon variousexam-
ple images,and comparedwith [176], [206] to studythe efficiency of the systemin the

caseof retrieving semanticallyrelevantimages.

Conclusion

The concludingremarksalongwith the scopefor furtherresearcharepresentedn Chap-
ter6.

Appendix

In chapter7, Mathematicaknalysison wavelet pacletsusedin the proposedeatureex-

tractionhasbeendiscussed.



Chapter 2

Image Retrieval Using Edge Based

Features

2.1 Intr oduction

The commonproblemin ContentBasedmageRetrieval (CBIR) is selectionof features.
Imagecharacterizatiomwith lessemumberof featuresnvolving lower computationatost
is alwaysdesirable Featuredik e color, texture, shape spatialrelationshipamongdiffer-
entobjectsandtheir combinationsaregenerallyusedfor the computatiorof multidimen-
sionalfeatureg78]. Edgeis astrongfeatureusedfor characterizinghe shapeof different
objectswithin animage. Thereforejnvestigationof a CBIR systemwhereedgefeatures
areconsideredor retrieval purposemayleadto animportantresearchssue.

In this chaptey an imageretrieval schemeusing edgebasedfeatureshasbeenpro-
posed.Application of the proposednethodhasbeenmadeto retrieve gray level images
andlogo images. Imageretrieval basedon matchingbetweenshapesjs broadly clas-
sified asregion basedand boundarybasedmethods.Someof thesemethodshave been
discussedn Chapterl. Region basedmethodsmostly sggmentanimageinto different
homogeneousegions, wherethe regions may correspondo differentobjectswithin an

image.Suchpre-sgmentationis necessarywheneerascends characterizety different
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objectsin it. However, segmentatiorbecomesessimportantwhentherearelargenumber
of fragmentedbjectsin a sceneor no specificobjects.In region basedseamentationthe
costof computatiordependsiponthe methodused,whereasaccurag dependsiponthe
apriori informationof the total numberof classegpresentin the scene.Boundarybased
methodautilize the propertiesof boundariegor characterizinggnimage.

As analternatve to sgmentatioranddetailedobjectrepresentatiorthe objective of
researclpresenteds this chapteris to develop new algorithms,which explore structure
of differentobjectsin animage.A techniquefor extractingedgemapof animageis pro-
posedwhichis followedby computatiorof Topologicalfeature(lik e fuzzy compactness).
This globalfeatureincorporategray level aswell asshapanformationof theedgemap,
whichis subsequentlysedin imageretrieval applications.

From the available literaturein CBIR it is seenthat, thereare methodg91], [223],
[205]in whichedgepointsof ascenecanbeusedfor indexing images.Edgescharacterize
gray level discontinuitiesof animage. Edgesthatappeardueto discontinuitieshetween
theregionsaregenerallyof strongvalue.Edgeshatappeadueto variationwithin regions
or dueto defectsof imaginggiveriseto weakedges Region boundariesrecharacterized
by strongedgesandapproximatelyrepresenthe shapeof the regions. Usingdirectional
histogramof edges,Jainand Vailaya[91] proposeda techniquefor shapecomparison.
However, histogramsare not alwaysvery discriminatve featuresfor comparingimages,
becauselissimilarimagesmayalsogiveriseto similar histogramsRavelaet.alproposed
a methodto characterizevisual appearancéor determiningglobal similarity in images
with geometricfeatures[171]. Zhou andHuang[223] proposedstructuralfeaturesex-
tractedfrom edgemapsfor CBIR. Histogramof blurredimagesarealsousedfor defining
shapefeaturesbecausdheseare stronglyinfluencedby the original shapesf different
regionsin it [58]. Bruno et al., [38] definedmultiscalefamilies of featurecalculated
from the convolution of the input imagewith a setof multiscaleGaussiarfunction. A
recentwork on edgeextractionhasbeenreportedby Changetal., [46]. In theirapproach,

the edgeorientationof eachblock in DCT domainhasbeenclassifiedin total five di-
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rectionaledgepatternswhich aresubsequentlysedin imagematchingapplications.A
recentshape-baseinageretrieval methodusingsalientedgeshasbeenproposedn [81].
Theparametrieedgedescriptionusinggenerakonstructiorof functionswhosemoments
sene to locateandcharacterizestepedgeswithin animagehasbeenproposedn [163].
Usingedgedetectiormethod Wangetal., [205] presented techniqudan which edgesof
the imagescanbe extractedby wavelettransform. The edgeimagesare then classified
basedontheinvariantmoments.

Although minimum numberof featuresare always a desirablepropertyfor charac-
terizingimages,but singlefeaturemay not be sufficient for achieving desiredaccurag.
Color andtexture basedsimilarity measuresvithout shapeinformationmay fail to pro-
ducedesiredresults. Imageretrieval only on shapeinformationis difficult, in casethe
objectsareoccludedor having differentprojectionsonto different2D planes.Sensitvity
to noisemay even causeinaccurag in shapedescription.In CBIR, shapenformationis
generallycombinedwith otherfeatureslike, gray level information, color, texture, etc.
for characterizinganimage. Combiningshapeandcolor in invariantfashionhave been
reportedin [70]. Achardetal., proposeda shapebasedeaturecombininggray level in-
formation[2] by thresholdingheimageatdifferentgraylevel. Compactnessf the object
is computedover eachgray level for shapecomparison.This methodis computationally
very expensve andcostis proportionalto thenumberof graylevelsconsidered.

Oneimportantaspectwhich needto be addressedis how to modelthe vagueness
thatis usuallypresenin theimage.As aresult,thetrendin CBIR researchs to develop
efficient featuredor simplercharacterizatiof imagesandrelatedmatchingtechniques
sothatit canhandlereal life images[187], [78]. Reallife imagesareinherentlyfuzzy
dueto several uncertaintiesarisingin the imaging procesq4200]. Moreover, measuring
visual similaritiesbetweenmageshighly dependuponsubjectvity of humanperception
of imagecontent.As a result,fuzzy imageprocessindor extractingvisual featuredind
animportantplacein imageretrieval applications.lIt is desirablethat, the selectedea-

turesshouldnot be computationallyexpensve, shouldbe noisetolerantandinvariantto
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rotation,translationscaling,etc.

Motivatedfrom theseideas,a new featureextractionalgorithmhasbeendeveloped,
which exhibits someof the mentionedproperties. The proposedfeaturegeneratesan
overall descriptionof animage, consideringsignificantinformation of the edgemaps.
Using theseedgemaps,the issueof evaluatingoverall similarity betweenreal images
without sggmentingtheimageshasbeenaddressedT he performancef the featureshas
alsobeentestedon imageshaving objectsof regularshape®,g. (logoimagesof USPTO
database).

The remainingSectionsare organizedin the following way. Section2.2 describes
briefly the mathematicaimodel usedin this work. Section2.3 representshe detailed
methodologyof theproposedalgorithm. Sectiorn2.4 dealswith theimplementatiordetails
of the algorithmicsteps. The experimentalresultsarediscussedn Section2.5. Section

2.6givesaconclusion.

2.2 Image propertiesusedin proposedfeature extraction

In reallife images,nherentfuzzinessmainly arisesdueto differentimagingconditions.
Evenfor perfectlyhomogeneousbjectsthecorrespondingmageswill have gradedcom-
positionof gray levels [200] dueto imperfectionof imaging. As a result, uncertainties
exists in locating the exact position of the boundarywhich separateslifferent objects
within animage. Thesevaguenesgarerequiredto be modeledin the featureextraction
process.

Thebasisstepsnvolve extractionof thepossibleedgecandidatesisingthe concepof
Top andBottomof theintensitysurfaceof a smoothenednage.The extractededgecan-
didatesareassignedyradientmembershipvalueto characterizets edgestrength within
the rangeof (0.0. to 1.0). This is doneby measuringhe relative intensity differences
over a smallneighborhoodarounda pixel. The selectedointsarecateyorizedasWeak,

Medium and Strongedgepixels basedon their gradientmembershipralues. Multilevel
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thresholdings performedto seyregatethe edgepixels. As aresult,fuzzy edgemapsare
obtainedwhich consistof differenttypeof edgepixels,at differentthresholdsintuitively
it appearghat morerealistic matchingbetweentwo imagesmay be obtained whenthe
guantitatve informationasobtainedfrom differenttype of edgesmatchsimultaneously
The featurevectorelementsnclude fuzzy compactnessalue of the edgemap obtained
at differentlevels. This featureis invariantto Rotation, Translationand Scalingby defi-
nition. Thedissimilaritiesbetweerntwo imagesareevaluatedoy measuringhe Euclidean
distancebetweerthefeaturevectors.

In thefollowing subsectionyariousmembershigunctionsusedin fuzzy settheoretic
approachandsomeof the fuzzy geometricalpropertiesvhich areusedin the processof

featureextractionwill bediscussedn brief.

2.2.1 Imageasfuzzy sets

AnimageX of M x N dimensionandL levelscanbeconsidered216] asafuzzy subset
A" in a spaceof pointsX={z}. Eachpointin X canbe characterizedy a membership
function p4(x,,,) which canhave a valuein the intenval [0,1]. p4(2,) denotesthe
degreeto which aneventz,,,, belongto A.

A=A{(pa(@Tmn) Tmn} m=1,2,.M,n=1,2,..N where0 < ps(xm,) < 1.0.
This kind of imagerepresentations usefulin handlingthe uncertaintiesarising out of
gray level aswell asspatialdigitization[155]. A fuzzy subsetA) is definedin termsof
themembershiyaluesbetweer{0-1].
Oneof themostwidely usedmappingfunctionto do fuzzificationfor convertinga digital
imageto correspondinduzzy subsetA is the standards typeor IT typefunction.

The Standards-typefunctionis givenby

S(z;a,b,c) = 0 r<a

= 2x{&=91 a<a<b

= 1-2x{&E3) b<a<e

= 1 T >c

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

Fig. 2.1 shaws its graphicalrepresentationwherethe parameteb is the crossover
point,i.e.,S(b;a,b,c)9.5. Similarly c is definedastheshouldeipointatwhich S(c; a, b, ¢)=1.0
anda is thefeetpointi.e. S(a;a,b,c)#9.0.

The Standard1 functionis givenby

[I(z;b,c) = S(z;e—0b,c—b/2,¢) x<c
= 1—-S(x;c,e+b/2,c+b) z>c¢

(2.2)

It shouldbe mentionedhatthe assignmendf memberships subjectve in natureand
reflectsthe context at which the problemis viewed. Otherform of membershigunction

whichis exponentialin natureasgivenin [155] is expressedsfollows:

pu(z) = exp [-d(X, O)] (2.3)

whered(X,C) is the distanceof anelementwith featurevector X = [z, 9, -+ , 2]
from aprototypeC = [c1,¢o, - - - , ¢,] Of aclassandd(X, C) > 0. Theavailability of the
mathematicalunctiondependsiponthe natureof theprototype.Theform of exponential
typefunctionis shavnin Fig. 2.2(a),(b).

fuzzyalphacut: A fuzzy subsetanbe dividedby suitablethresholdingof member
ship valuesaroundthe rangeof interest. The fuzzy alpha-cut,s, comprisesall elements

of X, whosedegreeof membershipn S is greateror equalto o where
So ={x € X : pa(z) > a} (2.4)

where) < a < 1.0

Fuzzy geometrical properties
Rosenfield173] proposectertainGeometricapropertiedbasedn fuzzy settheoretic
approachor characterizingegionsof animage. Of themthe conceptof connectedness

hasbeenusedin our experiment.
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Figure2.1: Standards-typefunction.
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Degreeof Connectedness let 1 bea mappingfrom Sinto [0,1] i.e., afuzzy subset
of S.Letp : P = py,p1,...- - pn = @Q beary pathbetweentwo points(PQ) of S. The
pathstrengths,,(p) of p with respecto . is definedas

The Degreeof connectednessf P andQ with respecto 1 is definedas

C.(P,Q) = mgx(sﬂ(p)) (2.6)

wheremaxis takenover all pathsfrom Pto Q.

Proposition: If pisinto [0,1] and{P | P € Sandu(p) = 1} thenu(p) = 1 consists
entirely of pointsof SandC,,(P, Q) = 1 if thereexistsa pathfrom P to Q all of whose
pointsaremappedo 1 by somepropertyin p. This conditiongeneralizeshe nonfuzzy
concepif connectedned455].

FuzzyCompactness

ForaM x N, p.,., arraythefuzzy compactnessomp(u) is definedas[156].

compl(ys) = 2 2.7)
PP

wherea(u) andp(u) arethe fuzzy areaand perimeterof (1). Wherea(u) andp(u) are

givenby egn.2.8and2.9

a() =Y > fiun (2.8)

M N-1 N M-1

p(ﬂ) - Z Z |/1Jmn - Mm,n,+1| + Z Z |an — ,um—|—1,n| (29)

m=1 n=1 n=1 m=1
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For examplewe considera4x4 j,,, array

_0 0 0 O-
0O a 6 0
00 8 v
_0 0 0 0_

herea(p) = a+ 26 +y+dandp(p) = o+ |8 —al+B8+8+ |y -6l +d+
S+ ja+a+d+B+0+ B+ v+ ] wherea, 5,7, § arethe membershipvalueswith
1 2 a?/B7’Y75 Z 0

2.3 Proposedtechniquefor CBIR

The proposedeatureextractiontechniquecould be explainedusingthe building block
shavn in Fig. 2.3. Thealgorithmicstepsinvolve extractionof possibleedgecandidates,
which areobtainedoy employing the propertief PlateausTheextractedcandidatesire
assignednembershiwalues ., (P) anduq( P). Themembershipg,,,(P) andp,(P) are
usedto estimateheedgestrengthandconnectity respectrely, whichin turnareusedto
handlethe uncertaintiesn determiningthe strengthandlocationof the edgepoint.

The formulationsanddefinitionsusedin the featureextractionprocessaredescribed

in thefollowing subsections.

2.3.1 Identification of extremas

PlateauTop and PlateauBottom :

Edgesin animageare the transitionsbetweentwo uniform intensity surfaces. The
uniform intensitysurfacesaredefinedin termsof Plateaus Plateausredefinedascon-
nectedsubset®f uniformintensitypixels. This definitioncanbetakenasthespecialcase
of fuzzy plateausintroducedby Rosenfield173].

Plateau: Let.S; denotethe setof all pixelsin animage. ThepixelsPQ € S;. By a
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plateauin Sy, is meanta maximumconnectedubsetS, on which the intensity(l) hasa
constantvalue.In otherwordsS, € S is a Plateauf

(i) S, is connected(ii) I(P) = I(Q) for all BQ € S, (iii) I(P) # 1(Q) for all pair of
neighboringpoints P € S, andQ ¢ S,

Clearly P € S belongsto onePlateau.

We call the PlateauS,, a Top if its gray valueis alocal maximumi.e. I(P) > I(Q)
for all pairsof neighboringpoint P € S, and@ ¢ S,. Similarly we call S, a Bottom
if its gray valueis a local minimum. The gray valuesof all elementsof Plateau Top
is greaterthanthe gray value of ary elementof the borderandthe gray valuesof ary
elementof a Plateau Bottom is lessthangray valuesof the border Let S,; be a Plateau
TopandsS,, aPlateaBottom. Thepixelsin borderregion B(S,:, S, ) betweera Plateau
Top andPlatealBottomcanbe definedasthe pointswhich areeightneighborof atleast
oneelementof S,;,S,,. Consideringa3 x 3 neighborhoodrounda pixel, UmaShankar
et.al proposeda methodfor characterizingextremecomponentof animage[49]. The
pixels are labeledas pels of a (a) Plateau Top for which the pixel is greateror equal
to maximumin its 3 x 3 neighborhoodb) Plateau Bottom for which pixelsarelessor
equalto minimumin its 3 x 3 neighborhood.(cYhe remainingpelsare Candidate pels
for forming fuzzy gradientmap.

Employing the mentionedpropertiesthe candidateedgepixelsareextracted.

2 4 8
3 8 7 | PlateauTop

6 6 6

4 2 3
6 2 3 | PlateauBottom

5> 4 2
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2 4 8
4 8 9 | Candidatepel

7T 79

2.3.2 Membership formulation

Membership function p,,(P) for determining fuzzy gradient map :

The modified form of membershigunction of eqn. 2.3 hasbeenusedto dealwith
this problem. The borderregion of the plateausf the blurred(Gaussian)mageis taken
asinput for finding the fuzzy gradientmap andthe total dynamicrangeof O to 256 is
considered.

Around eachcandidatepixel, the neighboringpixels aresituatedin eightdistinctdi-
rectionsat a stepof 45 degrees.Theline joining two oppositepixels which makesfour
distinctlinesareconsideredThegradientmembershigunctionfor anedgepointis given

in equationbelow.

Considering-ig. 2.4,if d,. is thegraylevel differencebetweertheoppositeneighbors
aboutthe candidatepixel in adirectionsay (0,4)andd,, is thegraylevel differencen the
perpendiculadirectionsay(2,6) thenz = % We computetheratiossay(z1, 2, x3,
x4 ) In four directionpairswhich areexplainedbelow.

In a window of eight neighborhoodan edgepixel will have maximumgray level
differencein a direction, perpendiculato its true edgedirection. The edgedirection
shouldpointalongthe minimumdifferencedirection[75].

Let ,,, bethegraylevel of thepointP(m,n).If du = |Inn—1 — Lnni1| thend,. =
| In—1.n — Im+1.n| Vice-versaasshowvn in Fig. 2.4. Thevaluesof (z, 22, z3, x4, ) maybe

obtainedfrom thelocal neighborhoodf 3 x 3 window asfollows : =tz jmeit,

T :1+|Im—1,n_ m+1,n| :1+|Im—1,n—1_[m+1,n+1‘ :1+|[m+1,n—1_1m—1,n+1|
2 1+|Im,n—1_1m,n+1| ! 3 1+|Im+1,n—1_1m—1,n+1|’ 4 1+|[m—1,n—1_1m+1,n+1|
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The maximumvalue computedrom the four directionpair is usedto computegradient

membershif the candidatepixel.

T = mazxxy, To, T3, Tyl (2.11)

The value of k,, can be estimatedfrom the following condition. Since y,,(P) is
rangingbetweer{0,1] thereforeheminimumvalueof d,; = 0 andmaximumvalueof d,.
say(L) shouldmapthe membershivalueto 1. Differentvaluesof L shouldgiveriseto
differentvalueof k,, hencedifferentcrosseer pointi.e., (i,,(P) = 0.5). The strongest
edgepixel at any point (m,n) is supposedo possesgray level difference~256in one
directionandnearlyzeroin its perpendiculadirectionandthe edgeshouldpointsalong
theminimumdifferencedirection. Puttingd,. = 255 andd,, = 0 in egn.2.10valueof &,,
obtainedis ~ 1.0039. Higher membershipraluescharacterizestrongedgepixels while
lower membershipalueswill characterizeveakedgepixels. This hasbeendepictedin
the multilevel plot asshavn in Fig. 2.6. Changingthe valuek,, by afactoris in effect
changingthe pixel contras{155] i.e., transformingthe membershipalue.

It hasbeenmentionedn section2.2.1thatthe choiceof membershigunctionis prob-
lemdependentHere,amonotonictype Exponentiafunctionhasbeenchoserfor suitable
representationf theambiguitiesof the set,computedrom graylevel contrast With such
selectionthe natureof the curve is notvery steepin therangeof interest,suchthatsmall
variationin graylevel differencemaynotresultin large variationsof membershiwalues.

Membership function u4( P) for determining connectednessf the edgepoints :

The membershigor connectednesis alsorepresentedby an exponentialfunction.
We considera M x N, p,,(P) array In the neighborhoodf a pixel p(m,n)if thereexits

apixel p(m’,n’) suchthat,

|an - Mm’n’| S T (212)

areconsideredimilarin magnitude Here,T is the non-neative threshold Againif,
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lang(m,n) —ang(m/,n")| < A (2.13)

areconsideredimilarin direction[75]. Here,A is theanglethreshold.Thesetwo prop-
ertiesarecombinedto link similar pixelsandthe degreeof linking is expressedy a nev
membershigunctionasexpressedn eqn.2.14.

The numberof pixels possessing.,,,(P) abore somethresholdvalue (> 0.5 ) and
< 1.0 andsimultaneoushhaving directionswhich didn’t differ morethan45 degreein a
neighborhoof 3 x 3 or 5 x 5 window sizearecounted.Themembershigunctionis of

theform.

pa(P) = kqexp(—x) (2.14)

wherez = —-—

nldenotess thenumberof edgepixelspossessingameangleto thatof thecandidate
pel,n2isthenumberof edgepixelshaving +45degreedifferencewith thecandidatepixel,
n3 is the numberof edgepixels having angle-45 degreedifferencewith the candidate
pixel. The value of £, is estimatedby the maximumnumberof connectedpixels say
K, alongary of the four directionswithin the definedwindow. With = = % mapsthe
membershipo 1. Changinghevalueof &, will in effectchangehenumberof connected

pixelsoveradefinedwindow.

Similarity metric

Euclideandistancemetricis usedto computethe dissimilarity valuebetweertwo feature
vectors.If X = [z1, 25, ,2;] @andY = [y, 42, - - - , y;] aretwo featurevectorsthenthe

EuclideandistancemetricbetweenX,Y is givenby,

Eq= Z(% —Yi)? (2.15)
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Read the input image
1(m,n)

'

Gaussian Filtered Image
I(m,n)

Identification of Plateaus,Candidate:!

5

Plateau

Candidate Pixels(Pc)

Fuzzy Gradient Map
Hn(P)

Multilevel Thresholding
Ti=HmiP) To=p, (P)

T33P

Final refined edge map

S’nd’l’ Svn(xvz' S’naé

Fuzzy Compactness feature
Comp(u1), Comp(H 2) , Comp(u 5)

Figure2.3: Flow chartfor proposedeatureextraction.
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B R B e

Figure2.4: 3 x 3 neighborhooaf the candidatepixel.

Performanceevaluation

To evaluatethe performancef retrieval the standardetrieval benchmarksuchasRecall
rate andPrecisionrate [30] areconsideredLet n, bethe numberof imagesretrieved
in top 20 positionsthatarecloseto the query Let n, representhe numberof imagesin
the databasesimilar to the query Evaluationstandardfkecall rate , Precisionrate are

definedasfollows:

Recall rate = 7+ x 100% (2.16)

Precision rate = g5 x 100% (2.17)

2.3.3 Building block

Differentstepsinvolved in generatinghe featuresare explainedin the following para-

graphs.

Theintensityimagematrix / (m, n) is corvolvedwith Gaussiarfunctionandresulted

into to ablurredimagematrix I,(m, n).

I(m, n) = I(m,n)  G(z,y) (2.18)

whereG(z,y) = ﬁe—% whereo effectively determineghe window size of the
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filter whichin turn determineshe degreeof smoothing.Theblurredimagepreseresthe
original shape.By Gaussiarfiltering, a part of the intensityis distributedto the neigh-
borswhile preservingthe edgeinformation. The borderregion which characterizeshe
transitionbetweerntwo uniform Plateausanbedeterminedrom the blurredimage.
Thebasicstepsinclude,finding the transitionbetweernthe Plateauregionsconsisting
of the possibleedgecandidates’. which actsasan input for finding the fuzzy gradient
map. Thepointsof thisregion arecharacterizedy 1.,,,(P) representingheedgestrength

in theinterval [0,1] shovn in egn.(2.19).

Sn = {(ttm, Po)} (2.19)

The gradientmap p,,,(P) is thresholdedat differentlevels using (o« — cut ) [155]
with membershipraluesgreaterfrom 0.5 onwards. Let the candidate®f the multilevel

gradientmapberepresentetly the equationgivenbelow.

Sna = {(P € sy : um(P) > a} (2.20)

where(0.5 < a < 1.

Now s, is takenasinputto find out therefinededgemapusingthe notionof highest
connectvity whichresultedin a subsets/,,, asshovn in eqn.2.21.Pointswhich arepre-
servinghighestconnectvity within adefinedwindow areextractedusingthemembership

function uy(P) shavnin egn.2.14.

Stna = {(1 € $na + p1a( P) > 1} (2.21)

where,o’ is ~ 1 to changethe degreeof connectity betweenthe adjacenfpixelsto the

highestvalue.(propositionof eqn.2.6).

Fuzzycompactnestaturecomp(u) is computedn s/,,, usingeqn.2.7.
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2.4 Algorithm and Implementation details

Algorithm

Stepl: Gaussiatiltering is performedontheimage.

Step2: Eachpixel is labeledas(a) PlateauTop or maximaor (b) PlateauBottom or
minimaor (c) Candidatepel

Step3: If thelabeledpixel is a candidatepel, its gradientmembershipralue y,,, (P)
andits edgedirectionis estimated.The pointsthresholdedabove differentmembership
values(u,,,(P) > 0.5) areselected.

Step4: Candidatepixelssimilarin edgemagnitudeanddirectionarelinked.

Step5: Fuzzycompactnesteaturevectoris computedrom theedgemap.

Step6: Euclideandistanceis computedbetweenthe featurevector elementsof the
gueryimageandimagesn the databaseandranked accordingto distance.Theresultsof
fuzzy edgemapextractionareshovn betweerfigs. 2.9-Figs. 2.12.

Featurevector elementscomprisingof [comp(p1), comp(us), comp(us)] are com-
putedusingeqgn.2.7.

Performanceaisingdifferentsetof featureshasbeenstudiedby transformingthe values
of (k,,,) andvaryingthewindow size,to estimatek,, asdiscussedn subsectior?.3.1.
Features

The schematiaiagramfor featureextractionis shavn in Fig. 2.3. Thefeaturesarecom-
putedasfollows.

Feature set(A) (for k,, = 1.0039and3 x 3 window sizeis usedto estimatek,.)

comp(py) is computedrom theedgemapby thresholdingat 41,,,( P) > 0.6.

comp(9) is computedrom the edgemapobtainedby thresholdingat 41,,,(P) > 0.7.

comp(us) is computedrom the edgemapobtainedby thresholdingat 4, () > 0.8.
This setof featuresarecomputedusingthe valueof k,,, ~ 1.0039 asshovn in egn. 2.10
andvalueof k, is determinedrom eqn.2.14over 3 x 3 window size.
usingfeaturesetA, the gradientmapsof Fig. 2.5(a),(b) areshowvn in Fig. 2.6(a),(b).
Therefinededgemapsof Fig. 2.5(a),(b) areshovnin Fig. 2.7. Therefinededgemapsof



2.4 Algorithm and Implementation details 54

thedeerandbird image,of Fig.2.8(a), (b) areshavnin Figs. 2.9(a),(b).

Feature set(B) : This setof featuresarecomputedasfollows:

comp(py) is computedrom theenhancednapthresholdedt y1,,,(P) > 0.8

comp(pz) is computedrom theenhanceadnapthresholdedt 11,,,(P) > 0.9.

Using thevalueof k,, ~ 1.18 andvalueof k,; asdeterminedrom eqn.2.14over 5 x 5
window size,thefeatureelementsomp(u;) andcomp(pe) arecomputed.

The edgemapof Fig. 2.8(a)asobtainedusingfeatureset(A) is shovn in Fig. 2.12(a).
Thatusingfeatureset(B) for k,; estimatedover 3 x 3 window is shavn in Fig. 2.12(b)
andthatfor k,; estimatedbver5 x 5 window is shavn in Fig. 2.12(c).

comp(pus) is computedfrom the edgemap obtainedby thresholdingat y,,,(P) > 0.7
with k,, ~ 1.18 and kg is determinedn 3 x 3 window. In this case,only thosepixels
areselectedascandidatesvhich arehaving otherpixelsin the direct neighborhoodvith
gradientmembership.,,(P) greateithan0.7. Theedgecandidatesf Figs. 2.8(b)and(c)
areshavn in Fig. 2.13. The candidateedgepointsasobtainedfor Fig. 2.5(a),areshovn
in Fig. 2.14.

Although, threethresholdindevels of membershiphave beenselectedput variation
in selectionof thresholdinglevels will not changethe resultdrastically Low, medium,
high typesof edgestrengtharegroupedin threedistinct cateyories. Valueof £,, andk,
canbetunedto selectdifferentcandidatebasedon theirmembershipalues.

The retrieval performancevaschecled by alteringthe valueof k,, andk,, resulting
into featuresets(A) and(B). The motivationbehindchangingthe valuesof k,, is to alter
the propertyof the membershipplane. This is requiredto emphasizeéhe importanceof
thedifferenttype of categorizededgepoints( strong,mediumandweak). Increasinghe
valueof k,, in effect, transformsthe membershipaluesasshowvn in Fig. 2.2(b),where
the valuesof the strongor mediumedgepixels areincreasecand well separated.The
weakedgepixels arelessincreasedn membershipralues. However, the upperlimit of
valuesof y,, (P) arealwayskeptlessthan1.0. Similarly thevaluesk, varieswith different

window sizeandresultsin differentedgesetat the samethresholdof x,,,(P). The effect
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on performancéasbeenanalyzedn section2.5.

Computationalcompleity : The analysisof the computationalcompleity (worst
case)involved in different operationsfor an imageof size M x M andwith window
neighborhoodV x N, is explainedasfollows: 1. Identificationof borderregionsrequires
M?N? operations2. Assignmenbf x.(P) involves\ M?N? operations3. Assignment
of pg(P) involvesAM?N? operations4. Thresholdingnvolves\M? operations5. The

total operationis of the orderof O(M?2N?).

2.5 Experimental results

Extensveexperimenthave beerperformedisingtwo databasesf whichthefirst database
consistsof 120 gray level images(256 x 256) of differentobjectsdown loadedmainly
from Googleengine(www.google.com)QlivettiFacedatabase

(hitp : /] ftp.uk.research.att.com : pub/data/att_faces.tar.Z) and somesyntheti-
cally generatedmages.Theimagesn this databasaremainly of singleobjectbothwith
textured and non textured background. This collection consistsof dissimilar group of
imagesof which eachgroupis having somesimilarity within itself. Suchdatabaseon-
sistingof bothvisually distantsetof imagesaswell ascloselyrelatedimagesareuseful
in studyingthe systemperformanceproperly[147].

The seconddatabaseconsistsof the trade mark and logo imagesof United States
Patentand Trademarkoffice (USPTO) consistingof 1053 binary images. The images
are corvertedto gray level andreducedo (256 x 256) for the experiment. The size of
the Gaussiarsmoothingfilter is fixedto 3x3 pixelsandvalueof ¢ to 1.5, usedto limit the
degreeof smoothingacrosshe edge. The averagecputimetime requiredfor computing
thefeaturevector( elementsomprisingof thefuzzy compactnessgalueatthreedifferent
thresholds)s 95.60secs.Thexperimentis performedin ( SUN microsystemdJltra 60)
systemusingMATLAB.

The experimentalresultsare shovn from Figs. 2.6 to Figs. 2.22. Fig. 2.5(a)is a
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syntheticallygeneratedmageandits correspondingnultilevel gradientmapasobtained
from eqn. 2.10is shavn in Fig. 2.6(a). The noisy versionof theimageis shavn in Fig.
2.5(b). The correspondinggradientmapis shown in Fig. 2.6(b). Figs. 2.7(a-c)shav the
refinededgemapof Fig. 2.5(a)at differentthresholdwith ( u,,,(P) > 0.6,0.7,0.8). Fig.
2.7(c)is therefinededgemapof the noisy imageof Fig. 2.5(b). FromFigs. 2.6(b)and
Fig. 2.7(c)it is seenthatthe proposedechniqguehasconsiderablygoodnoisetolerance.
The aim of this work, is to selectsignificantcandidategrom the multilevel edgemap,
imagecontainingmeaningfulshapeandgray level information. The refinededgemaps
of the bird anddeerimageat 1.,,,(P) > 0.6 is shavn in Fig. 2.9 andfor otherthresholds
in Fig. 2.10andFig. 2.11. As seenfrom Fig. 2.9(a),that besidethe edgepointsof the
object,lot of edgepointsaregeneratedrom the backgroundwhich mayresultin a mis-
leadingcharacterizationf the objectby edgemap.

To reducethe effect of the backgroundio someextent, a membershipransformation
schemas usedwith varyingthe valueof k,, of egn. 2.10. This makesnonlinearinten-
sification of the edgemembershipvalue dependinguponthe value of k,,. Two set of
experimentshave beenperformedto calculatefeaturevalues featureset(A), featureset
(B) describedn Sec. 2.4, by varyingvalueof k,, andsize of supportwindow for deter
mining k4. Fig. 2.12(a)is obtainedat x1,,,(P) > 0.8 usingeqn.2.10andk, evaluatedrom
eqn. 2.14with featureset(A). Fig. 2.12(b)is obtainedby thresholdingat 11,,,(P) > 0.8
by choosingk,, ~ 1.18 andk,; evaluatedfrom eqn. 2.14. Fig. 2.12(c)is obtainedby
thresholdingat x.,,,(P) > 0.8 by choosingk,, ~ 1.18 andk, evaluatedfrom eqn. 2.14
over5 x 5 window sizewith featureset(B). It is evidentfrom Fig. 2.12(a) thatat higher
thresholdmuchof the significantedgepointsarelost. Betterresultis obtainedfrom Fig.
2.12(b)which canbe explainedfrom the following considerationsBy suchintensifica-
tion of thepixels,highermembershivaluesaremoreseparatedesultinginto betteredge
informationwhile rejectingsomewealer edgepixels resultedfrom weaktexturedback-
ground. This resultis furtherimproved whenlarger size of the supportwindow is used

asshowvn in Fig. 2.12(c). Fromthe proposedalgorithm,it is obsered from Fig. 2.6(a)
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that pointsof the curved regionsare of lower membershipralue comparedo the pixels
belongingto the straightline. This propertyis usedto extractpointsfrom curvedregions
of the edgemap. In orderto extract significantedgepointsfrom high cunatureascan-
didatesthosepixelswhich areconnectedo strongerpixelsi.e., pixelsof highergradient
membership.,,(P) valueover3 x 3 window, areselected Suchsignificantpointsof the
bird andelephanimageof Fig. 2.8 arealsoshawn in Fig. 2.13. Suchselectedixels of
Fig. 2.5(a)areshowvn in Fig. 2.14(a)andFig.2.14(b).In caseof Fig.2.14(b)somemore
pixels from sharpcurvatureare selectedpy pushingdown the thresholdu,(P) to 0.94,
thanin Fig. 2.14(a).Fig. 2.15(a)shaws the original image(bull imagefrom trademark
database)The edgemapof therotatedbull imageusingfeatureset(B) is shavn in Fig.
2.15(b),(c) respectrely.

Feature values

Thefeaturevalues(fuzzy compactneskof Fig. 2.16arecomputedatdifferentthresh-
oldsto studytheinvariancepropertyof thefeaturewhichis usedfor characterizingnthe
image,in theproposednethod.Thevaluesareshovn in Table2.1. It is obsenedthatthe
compactnessgaluesobtainedor thetranslatedandrotatedversion(90, 180,270degrees)
give satishctoryvalue. However, the valuediffers by someamountfor anglerotatedat
(30 dggree). This canbe explainedfrom the factthatthe popularimagerotationalgo-
rithms suffer from digitization error dueto interpolation,therebyinfluencingthe feature
valuesasseenfrom Fig. 2.15(c). Thefeaturevalueof scaledversionis alsochangedy

someamountduethereasomentionedabore.
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Figure2.5: (a) Originalimage.(b) Noiseintroduced.
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Figure 2.6: Multilevel gradientmap (without linking), (a) of Fig. 2.5(a)(b) for noisy
imageof Fig. 2.5(b)



2.5Experimental results 59

@ (b) (c)

Figure 2.7: Edgemap obtainedusingset(A) at u,,(P) >(a) 0.7 (b) 0.8 (c) 0.6 (noisy

image)andyy(P) ~ 1.0 for all thethreecasesCandidateplottedascrispedgepoints.

(@) (b) ()

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

elephanimage.
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(@) (b)

Figure2.9: Edgemap,candidatesvith p,,(P) > 0.6 andu,(P) ~ 1.0 areplottedascrisp
edgepoints. (a) deerimage(b) bird image. Valueof k,,= 1.0039andk, estimatecover

3 x 3 window, set(A).
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Figure 2.10: (a) Original image. Edge map obtainedat 1,,,(P) > (b) 0.7 (c) 0.9 and
wa(P) ~ 1.0. Valueof k,,,= 1.18andk, estimatedver5 x 5 window, set(B). Candidates

plottedascrispedgepoint.
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(@) (b) (©)

Figure2.11: (a) Original image(noisy background) Edgemapobtainedat y.,,,( P) > (b)
0.7 (c) 0.9and uy(P) ~ 1.0. Valueof k,,= 1.18andk, estimatedover 5 x 5 window,
set(B).Candidateplottedascrispedgepoint.

(@) (b) (c)

Figure2.12: (a) Edgemap, candidatewith y,,,(P) > 0.8 and uy(P) ~ 1.0 plottedas
crispedgepoints(a) with valueof &, estimatedver 3 x 3 window, set(A). (b) Valueof
k., = 1.18 andk,; estimatedover 3 x 3 window. (c) k,, = 1.18 and k,; estimatecbver

5 x 5 window, set(B).
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(@) (b)

Figure2.13: Edgecandidatesvith y,,(P) > 0.7 connectedo strongerpixelsin 3 x 3
window with k,,, = 1.18 andk, evaluatedover 3 x 3 window. (a) bird image(b) elephant

image.Candidatesvith p,,(P) > 0.7 andpy(P) ~ 1.0 areplottedascrispedgepoints.

() (b)

Figure 2.14: Edgecandidatef Fig. 2.5(a)with u,,(P) > 0.7 connectedo stronger
pixelsin 3 x 3 window with &, = 1.18 andk, evaluatedover3 x 3 window. (&) i, (P) >
0.7 andpg(P) > 0.98 (b) pm(P) > 0.7 anduy(P) > 0.94. Candidateplottedascrisp

edgepoints.



2.5Experimental results 63

&L " d AN
. i M
S
/0 0
(a) (b)

(€)

Figure 2.15: (a) Original image. (b) edgemap (c) edgemap of rotatedimage. Edge
candidateswith x,,,(P) > 0.7 with k,, = 1.18 andk, evaluatedover 3 x 3 window.

Candidatesvith 1,,,(P) > 0.7 anduy(P) ~ 1.0 areplottedascrispedgepoints.

(@) (b) (€) (d)

Figure2.16: (a) Original image(b) edgemap(c) edgemapof (30dey) rotatedimage(d)
edgemapof (90dey) rotatedimage.Edgecandidatesvith p,,,(P) > 0.7, with k,,, = 1.18
andk, evaluatedover 3 x 3 window. Candidatesvith y,,,(P) > 0.7 andp,(P) ~ 1.0 are

plottedascrispedgepoints.
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Table2.1: Featurevalues

Image comp(p1) | comp(pz) | comp(s)
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(18(deg) | 0.000184| 0.000184| 0.000131
Fig.2.16(30deg) | 0.000150| 0.000134| 0.000134

2.5.1 Retrieval results

Theimageretrieval experimentis performedoy computingfeaturesseparatelysingfea-
tureset(A) andfeatureset(B). A particularimageis selectedasqueryandbasedon the
Euclideandistancecomputedusingeqgn. 2.15theimagesareranked accordingto the in-
creasingorderof distance.Top twenty imagesare selected.Theseresultsareshown in
Figs.2.17to Figs. 2.22.Here,theimagesareranked|eft to right, startingfrom thetopin
increasinglistance.

Retrieval of gray levelimages(databasel)

The experimentalresultsare shovn in Figs. 2.17,2.18and2.20. The usefulnes®f
thealgorithmis demonstratedn the case®f findingimageshoseappeawisually similar
to aquery Severalexamplesaredemonstratefbr finding similar scenessimilar facesor
objectsfrom thedatabase.

Fig. 2.17(a)andFig. 2.17(b)showv theexperimentalesultswhenqueriedwith thegirl
image. It shouldbe notedthatthe systempresentedhereworkswell for facesusingthe
samerepresentatioparametersvhich hasbeenusedfor othercases.Betterprecisionis
obtainedwith featureset(B) in which the strongedgepixelsaremoreseparatedhanthe

weakpixelsby nonlinearintensificationof the pixels.
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Fig. 2.18(a)andFig. 2.18(b)shawv theexperimentalesultswhenqueriedwith thebird
image.Therotatedthenoisyimagesareretrievedat a higherrankandsomebackground
variationis toleratedalso. Betterprecisionis obtainedwith featureset(B) in this case.

Figs. 2.20(a)shaws 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 image are the candidategetrieved at a
higherrank.

Fig. 2.20(b)shavs theresultwhenqueriedwith atigerin atexturedbackground.The
global similarity measurdfuzzy compactnessyorkswell here. The object(tiger)in this
caseconstitutesa significantportion of the image. By non linear intensificationof the
candidatepixelsthe effect of weaktexturedbackgrounds minimizedto someextent. A
good precisionis obtainedin this case.Fig. 2.19(a)and (b) presenthe retrieval result
for the samequery of bird andgirl imageusing Fourier descriptorof Canry [40] edge
detector It is seenfrom the results,that the proposedmethodperform betterin both
the cases.lIt is seenfrom Figs. 2.17,2.18 and 2.20, thattherearefew otherdissimilar
imagesetrievedatanhigherrank. Suchresultscanbe explainedconsideringhefactthat
aglobalmeasurdfuzzy compactnesd)asbeenusedfor computingsimilarity. As, fuzzy
compactness computedrom theedgemapirrespectve whetherthe pixel belonggo the
objector backgroundthe resultantcompactnessalue canhave contribution both from
the objectandbackground.In case whenthe backgrounds textured,contribution from
thebackgrounds morein comparisorio the casewherethe backgrounds uniform. This
resultsin a higherdegreeof errorin computingthe compactnessf the objectof interest.

Retrieval of trademarkimages(database?2)

Fig. 2.21andFig. 2.22 shav the performanceof our algorithmon the trademark
images. It is difficult to judgethe relevancein caseof trademarkimagesbecauset is
difficult to judgevisually similartrademarks.In caseof trademarkimagesgcolor or gray
level contrastinformationdoesnot play a usefulrole in distinguishingbetweernvarious

marks. The searchingof the trademark imageis basedmostly on the decisionof the
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shapanformationpresenin the binaryimages.

Fig. 2.21(a)shavs theretrieval performancevhenqueriedwith theimageonthetop
left corner Most of the retrieved imageshave almostthe samestructure. The first five
successie imagesdepictstherotatedversionof thequeryimage.lt is seenthattheshape
characteristicef theimageis adequatelycapturedoy our approachn this case.

Fig. 2.21(b)shaws the performancevith the queryimageon thetop left corner The
translatedand the rotatedversionsof the imageare retrieved at a rank within the first
twentyretrievedimages.

Fig. 2.21(c)shavsthe performancavith thequeryimageof abull’ shead.Theimages
rotatedat differentanglesareretrieved within the first twenty ranked images.However,
therearefew otherimagegetrievedat anhigherrank.

Fig. 2.22shaws the performancewith the queryimageon the top left corner The
imagerotatedat differentanglesare retrieved at a rank within the first forty retrieved
images. However, certainimagesdiffering in shapewith the queryimagebut having
approximatelyclosefeaturevaluearealsoretrievedat a higherrank.

It is obsened from our experimentalresultof Fig. 2.21 andFig. 2.22that some
dissimilarimagesattainhigherrank andcomebetweersimilar images. This canbe ex-
plainedfrom the factthatthe refinededgemap, which is obtainedby taking the degree
of linking, is basedon the turning edgeanglesof the objectboundary Suchshapefea-
turesgivesaccurateresultswith objectshaving one closedboundary Practicalimages
have mary fine detailsandturninganglefeatures.This mayreducethe precisionto some

extent.

2.5.2 Performancemeasuie

The performancaneasureof retrieval is judgedfrom the recall rate and precisionrate
obtainedfrom thefirst twenty successiely retrievedimages.Precisioncanbe madehigh
by retrieving only few imagesandrecall canbe madeequalto 1 simply by retrieving all

imageq147]. TheRecallandPrecisionratesascomputedusingeqns.2.16and2.17for
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differentqueriesareshovn in Table.2.2

We comparethe proposedmethodwith the retrieval resultsof the Fourier descriptor
method. Fourier descriptoris one of the commonlyusedboundarybasedshaperepre-
sentatve. Fourier descriptorsare chosenfor benchmarkinghe resultsbecausd-ourier
transformededgefeaturesare generallyinvariantto geometrictransformationand also
noiseresilient. Therecallandprecisionratesfor boththe methodsareshavn in Fig.2.23.
In thecaseof computingFourierdescriptorsCanry edgedetection40] is performedasa
preprocessingtepfor computatiorof thefeatures.t is seenthe proposednethodoffers
betterresults.Theresultsafterqueryingwith abird andgirl areshovnin Fig. 2.19.While
makinga comparisorbetweerthe methodsijt maybe mentionedhat,notall theselected
edgepointsbearstructurallysignificantinformationaboutdifferentobjectswithin theim-
age. It canbe claimedthat, by cateyorizing the differenttype of edgepointsas( strong,
mediumandweak) and subsequenthresholdingt hasbeenpossibleto generatebetter
descriptionof the imageat multiple levels. As local contrastinformationis embedded
in the featurevalues,the schemeprovidessomedistinguishabilityin the featureswhich

enhancesheretrieval accurag.
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(b)

Figure2.17: Retrievedresults,with top left imageasthe queryimage. (a) usingfeature
set(A) (b) usingfeatureset(B).
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Figure2.18: Retrievedresults,with top left imageasthe queryimage. (a) usingfeature

set(A) (b) usingfeatureset(B).
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Figure2.19: Retrievedresults,usingFourierdescriptor(a) bird image(b) girl image.
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Figure2.20: Retrievedresults,with top left imageasthe queryimage. (a) usingfeature

set(A) (b) usingfeatureset(B).
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Figure2.21: Retriered results,using featureset(B), from (USPTO) database.The top

left imageis thequeryimage.
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Figure2.22: Retrievedresults,usingfeatureset(B) from (USPTO) databaseThetop left

imageis thequeryimage.

Table2.2: Performancevaluation%

Image | ni(A) | ni(B) | no | Rec.rate(A)| Prrate(A) | Rec.rate(B) Prrate(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: Comparatie results betweerproposednethodusingfeatureset(B) andthe

Fourierdescriptomethod.

2.6 Conclusion

In this chapteranalgorithmfor extractionof fuzzy edgemaphasbeenproposedThere-

after, usingthe edgemaps,animageretrieval systemhasbeendesigned.The extracted

edgepoints are categorized as strong, mediumand weak type of points, basedon the

uncertaintiesn gradientstrength mappedby the gradientmembershigunction i, (P).

Thesepointshave significantadvantageof embeddingooth gradientdirectionandlocal

contrastinformation. The Topologicalfeature(fuzzy compactnessjomputedfrom the

edgemapsobtainedat differentthreshold constitutethe featurevectorwhichis invariant

to rotation, translationand scaleby definition. Extensve experimentshave beenper

formed on both logo and generalpurposeimages. It is evident from the experimental

results thatfuzzy compactnesprovidesanfairly goodtool for indexing andcanbeable

to retrieve similarimagesfrom a heterogeneoudatabasevhoseclassesarenot known a

priori. Suchanapproach¢canbetakenasanalternatve to sgmentanimageinto coherent

regions,for subsequenmageto imagematchingapplications.

Theaveragecputimetime requiredfor computingthe featurevector ( elementompris-
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ing of thefuzzy compactnessalueat threedifferentthresholds)s 95.60secs.However,
thistimeis dependenbn natureof theimagetype. Thecompleity involvedin computa-
tion of featureds of O(AM2?N?). This includesthe processingime, usedto generatehe
refinededgemap. The future directionsin modifying the algorithmcould be to reduce
the computationatime andimprove theaccurag. As seenfrom theresults thatthe per
formanceof the proposedmethodis bestachieved whenqueriedwith singleobjectsand
having non textured background.The methodcould be furtherimproved if someother
featuresareusedin associatiorwith the presenfeature.This mayleadto betterapplica-
tion in objectrecognition.

Thepresenthaptediscusseto whatextenttheinformationin animageis capturedn the
edges.However, the pointswhereimageedgeshave their maximumcurvaturearevery
importantin characterizinghe overall structure with reducedhumberof points. These
points are commonlydefinedas cornerpoints and play a significantrole in perceptual
grouping,which leadsto recognitionof shapeof an object. Cornerdetectionin binary
imagesis a simple procesg148]. But in the caseof gray level imageslocatingcorner
positionis quite uncertaindueto spatialand gray level ambiguities. This arisesdueto
imperfectionof imagingsystemsaswell aslighting conditions. So, a robust cornerde-
tectionmechanisnwhich canhandlethis sort of uncertaintiess necessaryTo achiese
suchgoal,the problemof cornerdetectionusinga fuzzy settheoreticapproacthasbeen

addresseth the next chapter



Chapter 3

Extraction of Gray Level corners:
Perceptually Significant Points of

Inter est

3.1 Intr oduction

Visual similarity betweenimagescanbe achieved throughcorrespondencbetweenthe
extractedfeaturedik e color, texture,shapeetc.[123]. Similarity betweentwo imagescan
be evaluatedby comparingshapesf differentobjectswithin theimage. In suchcases,
high cunaturepointsplay a key role in matchingbetweentwo images. In this chapter
the problemof extracting perceptuallysignificantfeatures,which are mainly the high
curvaturepointsincluding the cornerpointshasbeenaddressedTheseextractedpoints
may be consideredasan importantsourceof bearingstructuralinformationof different
objectswithin animage. The high curvaturepoints may be consideredas usefulcandi-
datesfor characterizinganimage. With the extractedfuzzy edgemap, asexplainedin
Chapter2theprocesf perceptuagroupinghasbeenusedto extractsignificantportions
(high curvaturepoints)from the spatialstructure.

In the previous chaptey it hasbeenshawn that edgebasedfeaturesseemto be an



3.1Intr oduction 77

importantsourceof datafor usein imageretrieval. Although, animageis quite well

representedh termsof overall edgeinformationand combinationof local features but

the robustnesof the extractedfeatureswill dependuponthe degree,which it is close
to humanperceptualgrouping. The extractedfeaturesshould have someadaptability
towardsvariationslike, changesn imaging conditionsresultingfrom blurring, varying
illumination, etc. Inspiredfrom theseideas,afuzzy settheoreticapproacthasbeenused,
to extractthe significantpoints.

Thehumanvisualsystemhasa highly developedcapabilityfor detectingmary classes
of patterngncludingvisually significantarrangementef imageelementsFromthe psy-
chovisualaspectpointshaving high curvatureareoneof thedominantclasse®f patterns,
that play importantrole in almostall reallife imageanalysisapplicationg123]. These
pointsrepresensignificantamountof shapenformation. Cornersaregenerallyformed
atthe junction of differentedgesegmentswhich may be the meeting(or crisscrossing)
of two edges.Cornernessf anedgesegmentdependsolely on the curvatureformedat
the meetingpoint of two line segments.Sincecornersdepictsignificantstructuralinfor-
mationin animage,reliable detectionof cornersremainan importantresearctopic in
imageanalysis.

Reallife imagedataarealwaysimprecisedueto inherentuncertaintieshatmayarise
from the imaging procesqsuchas, defocusingnoise,wide variationsof illuminations,
etc). As aresult,precisdocalizationanddetectionof cornersbecamaifficult undersuch
imperfectsituations.Fuzzysettheoreticapproach[216] which canbe usedfor possible
precisemeasuremenwith imprecisedata[157] hasbeenadaptedor developingthe cor-
nerdetectionalgorithm.

Dominantcurvaturepointscanberepresentedsentitiesof afuzzy setwhereexactcorner
pointis alsoa member Thesepointsmay be consideredsinterestingpointsfor repre-
sentinganimage.Thesepointswill bereferredasfuzzy cornerpointsin this contritution.

A greatdealof work hasbeendoneon cornerdetectionjn theareaof imageprocess-

ing duringthe pastmary years.Thisissueis discussedh brief.
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Cornerdetectionon graylevel imagescanbe classifiedinto two mainapproachesin the
first approachthegraylevelimageis first corvertedinto its binaryversionfor extraction
of boundariesusing somethresholdingtechniques.After extraction of boundariesthe
cornersor the high cunaturepointsaredetectedusingdirectionalcodesor otherpolygo-
nal approximatiortechniqueg65].
In the secondapproachthe gray level imageis taken asinput directly for cornerdetec-
tion. This discussiorwill berestrictedto the secondapproactonly. Most of the general
purposegray level cornerdetectord98], [222], [170], [199], [174], [13], [1] useeither
topology basedor auto-correlatiorbasedapproach. Topology basedcornerdetectors,
mainly usegradientsand surfacecurvatureto definethe measureof cornernessPoints
aremarkedascornersjf thevalueof cornernessxceedssomepredefinedhresholdcon-
dition. Alternatively a measuref curvaturecanbe obtainedusingauto-correlation.
Moravec[146] developeda cornerdetectoyin which cornersaredefinedwhenthereare
large intensity variationsin every direction. This ideais modifiedin Harris cornerde-
tector [84] consideringthe local intensity changein termsof directional derivative of
surfacefeatureslt is alsoconsideredsoneof the bestcornerdetectorson graylevel im-
ages.SmithandBradyproposed190] anew methodcalled” SmallestUnivalueSegment
Assimilating Nucleus(SUSAN)”, which utilize simple maskingoperationsin place of
gradientconvolution. They useda circularwindow, to obtainUSAN area,andcentroidis
extracted. This methodhasbetternoiserobustnessandlocalizationof cornerscompared
to othermethods.
Corneris an importantfeatureusedin variousimageanalysisapplications[121], [61].
Detectionof corners,usingclassificationbasedapproach17], [112] andfuzzy reason-
ing basedmethod[115], [111] bothfor color images[210] andgray level imagesis an
importantresearchssue.

In this study analgorithmto extractsignificantgraylevel cornemointsbasednfuzzy
settheoreticapproachasbeenproposedThehigh curvaturepointslocatedatthediscon-

tinuitiesbetweerdifferentuniformintensitysurfacesconstitutethefuzzy cornerset. The
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measureof cornernessarieswith fuzzy edgestrengthandgradientdirection. Different
setof fuzzy cornersare obtainedusing differentvaluesof thresholdon the fuzzy edge
map. Theuncertaintiesn locatingthe cornerspointswhich may arise,dueto discretiza-
tion, noiseand otherimagingdefects,are handledwith fuzzy model. The robustnesof
the proposedalgorithmis experimentallyverified using both simulatedimagedataand
naturalimageso justify the suitability of the algorithm. The performancéiasalsobeen
comparedvith the popularcorventionaldetectorof [84] and[190] to illustratethe effi-
cieng of thealgorithm.

Consideringhe fuzzy edgemapasinput, a studyhasalsobeenmade,usinga classifica-
tion basedapproachwith Supportvectormachines(SVMJo extractthe possiblecorners.
The objective of which is to incorporatesomelearningmechanismin orderto increase
therobustnes®f thethefeatureextractionalgorithm.

Theremainingchaptelis organizedasfollows: Section3.2briefly describeshemath-
ematicalmodelusedin thiswork. Section3.3 describeghe fuzzy cornerextractionpro-
cess. Section3.4 describeghe experimentalresults. Section3.5.1 explainsthe corner
detectionalgorithmusing SupportVectorMachines(SVM). Section3.6 providesa con-

clusion.

3.2 Mathematical modeling of gray level corners

Thebasicnotionbehindthe proposedalgorithmis that,a digital imagecanbe thoughtof
as2-D plane,wherethereareridgesor valleys [207], [82] which aresimilar to Plateaus.
This is true, whenthereare simply connectedsequencef pixels having gray tonein-
tensity valuessignificantly higher (lower) in the sequencehanthe neighboringpixels.
Desiredfeaturesanthereforebeobtainedoy extractingandassemblingopographichar
acteristicof intensitysurfaces andhasalreadybeendiscussedn Chapter2.
Cornerpointsarehigh cunvaturepointsandshouldlie ongraylevel edgeslt shouldhave

significantchangein edgedirectionwith linear arm supportof considerabldengthon
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Figure3.1: Block diagramof the proposedalgorithm.

Pixel contras
ratio

bothsides.Thebuilding block of the proposednethodologyis explainedin Fig. 3.1

The proposedmethodologyfor extraction of fuzzy edgemap hasalreadybeenex-
plainedin chapter2. The fuzzy edgemap as obtained,using an exponentialfunction
hasbeenexplainedwith differentexamples,asshovn in Figs. 2.7- 2.16. However, the
fuzzy edgemapobtainedusingan exponentialfunction, requiredfurther postprocessing
to generatea refinededgemapandmalke it noisetolerant. This hasbeendoneby using
the propertiesof connectednesasshown in Figs. 2.7-2.14.
To reducethe computationinvolvedin generatinghe refinededgemap,alsoatthe same
time extract significantcandidateedgepointsfor computationof corners,resultsusing
othermembershigunctionshave alsobeenstudied.Differentexperimentdave beenper
formed,which aresummarizecandshown in Table. 3.1. A StandardS-typefunctionas

shownin Fig. 2.1 hasbeenchoserto representhe uncertaintieof edgestrengthandthe
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locationof trueedgepoint. No furtherpost-processingadbeenmadeto obtainarefined
edgemap.

In the presentase possiblecandidateedgepixels (P.) areextractedfrom the border
regionsbetweenthe uniform intensity surfaces,as explainedin the chapter2 which are
definedin termsof PlateauTop andBottom. The edgecandidategP.), which belongto
theborderregionsareassignedyradientmembershipusingthe standards-typefunction
asshavn in Fig. 2.2anddesignateds..(P) [19]. Thevalueof x.(P) is basedon their
respectre gradientstrength.Similar to chapter2Gaussiariiltering, hasalsobeenchosen
to perform effective smoothingof small distortionscausedby noiseandto obtain blur
boundariesThessizeof the Gaussiarsmoothindfilter is fixedto 3x3 pixelsandvalueof
otol.5.

A fuzzy edgeset(e;) comprisingof gradientmembershig..(P), of the edgepoints
P € P, isformed,asdefinedin (3.1)

In the next step,two membershigunctions( 1 (P) andy,(P) ) arecomputedo esti-
matethe fuzzy connecwity strengthalonga path,in theforwardandbackwarddirection
with respecto thecandidateixel. Thedetailedmplementatiorof thestepsaredescribed

in thefollowing subsections.

€4 = {(/’LC(P>“ Pc)} (31)

3.2.1 Estimation of gradient strength p.(P)

For every edgepixel P(p;) wherep; is the gray value of pixel (P), a3 x 3 window is
consideredasshowvn in Fig. 3.2. Although the methodof computingthe local contrast
ratiosis similar to that alreadydescribedn Chapter2 put the parametersf the S-type
functionsareassignedo cover thetotal dynamicrange,insteadof usingmaximumratio
i.e.,puttingd,. = 255 andd,; = 0 asin eqn.2.10.

In Fig. 3.2, the symbolsrepresenthe gray valuesat differentneighborhood®f P

similarto Fig. 2.4. Thedifferencebetween(a, a,), (c1, ¢2), (b1, b2), (d1, do) aretakenas
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graylevel differencesn four differentdirections.Theratio of graylabelchangeg.X,) are
computedfrom two mutually perpendiculasetof pixel pairswithin the neighborhood.

Consideringhemutuallyperpendiculapair (a; p; az), (c1 p; ¢2), thecomputedatiosare,

1+|(I,1—(),2‘ 1+|(31—(32‘
1+|C] 7CQ| ! 1+\a1 7a2|

of pixel contrastratios (X,) asobtainedfrom the neighborhoof eachcandidateedge

[19]. Similarly, (b; p; b2), (d; p; d3) areconsidered.Thefour values

pixel areshavnin (3.2).

1+|CL1—CL2| 1+|Cl—02‘ 1‘|—|b1—b2‘ 1‘|—|d1—d2|
1+|01—CQ|,1+|CL1—QQ|:1+‘d1—d2|:1+|b1—bg‘

Xr = ] (3.2)

As mentionedn chapter2anedgepixel will have maximumgraylevel differencan a
direction,perpendiculato its true edgedirection(¢) [75]. The edgedirection(¢) should
point along the minimum differencedirection[75]. The maximumpixel contrastratio
(X)),

X = maz{X,} (3.3)

is the parametel(x) usedfor computingthe gradientmembershig..(P) with a S type
function, asshovn equation(2.1). pu.(P) is usedto representhe uncertaintieof edge

strength.

HC(P) = S(I;alabbCl); (34)

whereb; = (a1 + ¢1)/2
The feet and the shoulderpoints of Fig. 2.1 have beencomputedusing min(X,,,r)
andmax(X,,r) valuesof the contrastratios (.X,,), over which the membershig..(P) is

mapped.

cr = mazr(X,)
(3.5)
a; = min(X,,)
The histogramplots of pixel contrastratiosareshavn in Figs. 3.8(a)and3.8(b)for

theimagesof Fig. 3.7(a)andFig. 3.7(b)respectiely.
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Figure3.2: Computatiorof pixel contrastratio from 3 x 3 neighborhoodf a pixel.

Table3.1: Selectiorof Membershigor generatingandidateso testcornernesproperties

Age dal x functionused generatectdgemap

255 0 w =1 | p(P) = kyexp(—z) | Figs.3.4(b),3.5(b)
maximumcontrast| 0 T = ﬁjal tm(P) =k, exp(—z) | Figs.3.4(c),3.5(a)
r = maz(X,) S(x;a,b,c) Figs. 3.3(b),3.5(c)

Thevalueof ..(P) determinesheedgestrength Highervaluesof gradientmemberships,
i.e. u.(P) > 0.5 correspondo mediumandstrongedgepoints. Lower valuesof yi.(P)
correspondo weakor noisy edgepoints.
Thefuzzy gradientmap(e,;) asshovnin (3.1)is obtained.
Differentedgemapsasobtainedusingdifferentmembershipunctionsareshavn from
Figs. 3.3-3.5. The edgemapsobtainedusing eqn.2.10as explainedin Chapter2,are
showvn in Figs. 3.4(b),3.5(b). The edgemapsasshavn in Figs. 3.4(c),3.5(a)arealso
obtainedusingeqn.2.10however the valueof d,. hasbeentaken equalto the maximum
local contrastvalue, asobtainedfor an imageinsteadof 256. Figs. 3.3(b), 3.5(c) have

beengeneratedisinga standards-typefunction.




3.2Mathematical modeling of gray level corners 84

(@) (b)

Figure3.3: (a) Originalimage(b) edgemapwith S-typefunctionat y,,,(P) > .0.7

. —

(@) (b) (c)

Figure 3.4: Fuzzyedgemaps(a) gradientmapwithout linking, thresholdedat ., (P) >
0.8 (b) refinededgemapwith exponentialfunction,thresholdedt y.,,,(P) > 0.8, set(B)
(c) usingexponentialfunctionwith d,.= maximumlocal contrast,asobtainedwithin an

image.
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(@) (b) (c)

Figure 3.5: Refinededgemap, thresholdedat y.,,,(P) > 0.7 for all threecases.(a) with
exponentialfunction, d,.= maximumlocal contrastasobtainedwithin animage(b) with

exponentialfunction,with d,.=255(c) edgemapwith S-typefunction.

3.2.2 Estimation of connectvity strength y;(P) and ju,(P)

Two membershipralues( i.¢(P) and,(P) ) arecomputedon a selectedsubsedf (e4)

shavn in (3.1) obtainedby thresholding(e;). The memberships:;(P) and u,(P) are
computedfrom the differencein edgedirectionsbetweenthe connectedixels within a
fixedwindow. Theactualcomputatiorof ;.+(P) and,(FP) aremadeasfollows :

Let ¢ ={¢1, ¢, ...0,} representhe edgedirectionof a sequencef pixels on an edge
seggment. The presentapproachgdealswith the changesn edgedirections. To compute
relatve changen direction,the anglesubtendedbetweenwo successie pixelsarecon-
sideredn a3 x 3 window asshowvnin Fig. 3.2.

Thedirections(¢) alongthe horizontalline i.e. (0 and180deg.) arelabeledas(0), sim-
ilarly alongthe verticallines as(oc) andalongthe diagonallinesas(+ 1, -1) asshown

in Fig. 3.2. As aresult,the edgesalongdifferentdirectionsmay be labelledasshavn in

(3.6).

Ay €1{0.1,00,—1} (3.6)
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Thechangeof directionswith respecto (¢) betweerthesuccessie edgepixelsmayhave
values(¢ + 7 /4), (¢ — 7/4), (¢ + 7/2), (¢ — 7/2) in aneightneighborhood However
dueto blurring of theimagesthe sharpchangesike (¢ + 7/2), (¢ — 7/2) betweernthe
successie pixelsarecorvertedto gentlechange$iaving valuedessthanz /2. As aresult,
thechangest a stepof 45 degreesareconsidered.

If the directionof the candidatepixel P is ¢, then¢; =¢ + 7 /4 is consideredasrel-
ative forward directionand¢, =¢ - 7/4 is consideredasthe relative backward direction
with respecto ¢. A m x m window is centeredaroundthe selecteccandidateedgepixels
andthe numberof simply connecteddgepixels of (e;) which have directionse; and¢,
arecounted.If thelabelof ¢ is (0) then,the labels(1, -1) representshe countsn; and
n;, respectrely. Similarly if thelabelof ¢ is (1), thelabels(co,0) representhe countsn ¢
andn,, respectrely andsoon.

This countis expectedto vary with the sharpnes®f the cunvaturetype. The values

(uf(P), up(P)) arerepresentedvith theform of membershigunction,

py(P) = K * exp(—2) 3.7)

wherex = L,
nf

Similarly y, is definedby
pip(P) = K * exp(—x) (3.8)

wherez = nlb K is a constantmultiplier. It is so selectedthat the value of 1.¢(P) or
wp(P) shouldlie in betweerD to 1.0 from thefinite countsof n; andn, of theimage.K

is determinedrom the maximumcountof n; or n,

Eachcandidateedgepixel (P) selectedor cornernessesting,is thusrepresentety a 3-

dimensionafeaturevector F; where,

F, =[ u(P), ps(P), i(P) ]. Extractionof possiblefuzzy cornersfrom the input edge

map(ey) will bediscusseadn thenext section.
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3.3 Multile vel fuzzy corner extraction

Thefuzzy edgemap(e,) is representedssetof points{(u.(P), P.)}. In theinitial stage,
a suitablethresholdvalue of gradientmembershiphasto be decidedto selecta subset
FE4, of eq, andonly thosepointsareusedfor computatiorof, 1.(P), yu,(P) for detection

of fuzzy corners.

3.3.1 Membership transformation

Any naturalimageconsistsof differenthomogeneousegions, wherethe shapeof each
regionis characterizedby its boundinglines. But in mary practicalsituationsthe bound-
ariesaresofaint thatit becomedlifficult to distinguishbetweenwo regions. Moreover

dueto noiseandnonuniformillumination, spuriousedgesmayalsoappearlt is alsodif-

ficult to discriminatebetweenspuriousedgesandweakedges.Undersuchsituation,the
gradientinformation(bothedgestrength anddirectioninformation) may be requiredto

cutof wherep,.(P) is very small. To locatepointsfrom significantportionson theimage,
acontrastransformatiormaybeusedasa preprocessingtep.Theextractionof probable
edgecandidatesis achieved by thresholdinghroughnon-lineartransformatiorof mem-
bershipvaluesy.(P) suchthat,thepointshaving valuesgreatetthan0.5arestretchedand

thosebelow 0.5aresqueezed.

Ly =T'(ea) (3.9)
A pixel contrastransformatioroperation155] is representeth (3.10)

pa(P) = 2x ,UC(P>2 0 < pe(P) <05
= 1-2x(1—-pu(P)?* ,0.5<pu.(P)<1.0

(3.10)

Theresultsbeforeandaftertransformatiorof membershipaluesfor Figs. 3.7(a)are
shown in Fig. 3.9(a),Fig. 3.9(b)and(c). As seenfrom Figs. 3.9(a),(b) the numberof

insignificantcandidatepoints, consideredor cornernessestingarereducedat the same
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thresholdvalue. Thresholdinghe transformededgemap (E#={ a1 (P), P}) above dif-
ferentmembershiyaluesmaybeobtainedoy usingproper(a— cuts ) [155] asmentioned
in section3.2. As aresult,we obtainthe edgemapsF,, atdifferentlevelsfrom Ey, as
shavnin (3.11).

Eio ={P € Eg : par(P) > a} (3.11)

where0 < a < 1.0. Thecandidatesf £, canberepresentely thelocal featuresrt;; =
[ pa1(P) g (P), p(P) 1]

By suchthresholdingof E,;, multilevel fuzzy edgemapsmay be generatedywherethe
pixels may be segregatedas (strong,medium,weak) edgepixels basedon their gradient
membershiwvaluesy,; (P) asshavnin Figs. 3.12(b),(c), (d) for Fig. 3.12(a).

If the local contrastof a region is very poor, then p4, (P) valuesof differentedge
pointsarevery closeto eachother Ambiguity in locating curvaturepointsin thesere-
gions may increasedueto close proximity of valuesof differentpoints, asseenin the
bottomrectangleof Fig. 3.12(b). On the otherhand,the membershipaluesof different
pointsarewidely separate@bove the crossover points(uq: (P) > 0.5), wherethelocal
contrastis betterresultingin lessambiguity
In thetransformedset,pointshaving (141 (P) > 0.5) will includeedgepointswith higher
and mediumstrength. Whereashosehaving values(uq: (P)) < 0.5) will selectlot of
spuriousedgepointsalongwith high andmediumtype of curvaturepoints.
Thusaproperchoiceof threshold(..,; (P) ) selectionis necessarybelonv which the vari-

ationsareconsideredo benoise.

3.3.2 Selectionof thresholdon membershipvalue

The gradientmembershipralue 1.4, (P) usedfor thresholdingthe edgemap, is decided
from the pixel contrastratio histogram.

The histogramof contrastratio givesan estimateof global descriptionof the appearance
of animage.

In generalthe choiceof thresholds madeasfollows:
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A higherthresholdvalue,typically 141 (P) > 0.8 is chosento reducethefalseacceptance
rate, if the natureof the contrasthistogramis asfollows : (i) The contrasthistogram
occupiesnostof the histogramevels,whicharein contiguoudocations.(ii) Thenumber
of occurrencedor each(X,,r) valueis quite closeand coversthe majority of the total
dynamicrange.Thisis seenfrom the histogramplots of Figs. 3.7(a),3.10(a),(b).

As we are concernedwvith the dynamicrange,and not the absolutegray scalevalues,
suchthresholdingcanbe appliedfor almostall naturalimages,even undegonevarying
imagingconditionslik e overexposedunder&posedplurred,etc. The contrastistogram
plot for the Figs. 3.10(a),(b) areshavn in Figs. 3.11(a),(b).

On the otherhand,a lower thresholdvalueof p4; (P) typically 41 (P) > 0.0 is chosen,
if the histogramhasthe following properties. (i) Sparselydistributed contrastlevels.
(i) Having widely differentoccurrencesor different(X,,r) values(iii) Doesnot cover
majority of thedynamicrange.Suchcasesnayarisefor nearlybinaryimagesasseerfor,
Figs. 3.7(b),Fig. 3.21. In suchcasegransformatiorof y.(P) to uq (P), doesnot affect
theresultsmuch,asthe candidateveakedgesarelessin number

This hasbeentestedover numberof imagesandthe stratgyy describeds found to be

satishctory

3.3.3 Estimation of local shapeparameters

Oncethe suitablethresholdvalueof 14 (P) is chosenthe next taskis to catgorizethe
edgepixelsbasedon thelocal propertiesestimatedrom p.¢(P) andy,(P). Theselected
edgecandidatesonstitutethe points of E,, for which the membershipvalues.;(P),
wp(P) arecomputed. The propertiesof 1.¢(P), 1,(P) areusedto examinelocal shape
parameterswhich are definedas straightnessind cornerness Propertiesof (P) and
wuy(P) for ary of the selectechoints(P) ontheedgemapis shavn in Table.3.2.
Straightness This propertyis determinedoy comparingpixels translatedalongthe
directionof edge.lt is expectedhata pixel translatedn thedirectionof straightedgewill

be connectedo pixelsof samedirection.Hencey s (P) and,(P) ~ 0.0.
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Table3.2: Fuzzycornernessneasure

we(P) | mw(P) | 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 determinedrom comparingpixels having reflexive sym-
metry The pixelsareexpectedo bereflectedfrom onearmto the otheron both sidesof
the curvaturejunctionwithin theregion of evaluation,asshavnin Fig. 3.6.
Thepointsof £,, asshavnin equation(3.11)having both . (P) andu,(F) equalto zero
canbefiltered out asthe non cornerpixels. As aresult,the interestingregionsconstitut-
ing a groupof curvaturepointsof thefuzzy edgeimagecanbe separatedWe attemptto
approximatehisregion with aquantitatve measurdy exploiting the propertiesof 1(P)
andu(P).

The pixelsin the proximity of the curvaturejunction as shovn in Fig. 3.6 canbe
categyorizedfrom the following rules. (i) The pointswith y¢(F) high and z,(P) low
constitutethe pointson the left side of the junction point. We designatehesepointsas
P;;s, (asshown in Fig. 3.6) onforwardarmandassignmembershige(P) -1,(P). This
differenceas expectedo varywith thesharpnesef curvature.Thepointsof 7, ; represent

afuzzy subse®s sy,

pram(P) = pg(P) = pu(P) (3.12)

(if) Thepointswith 1, (P) highandg ¢(P) low constitutehepointsontheright sideof
thejunctionpoint. We designatehesepointsas P, ;, (asshown in Fig. 3.6) on backward

armandassignmembershigy, -i.¢. Thepointsof P, representifuzzy set/u,qm.
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toram(P) = pu(P) — py(P) (3.13)

(iif) Thepointsvery nearto thejunctionis expectedo have high or mediumvaluesof

ps(P) andpuy(P).
Having obtainedthe two fuzzy sets, i ¢, andi,q.m, athird fuzzy subsetu,.,, whichis
surroundeddy both s, and pu,..,,, lie approximatelyon the axis of symmetry This
region constitutethe ambiguouscorners. The clusterof suchpoints (*) representeds
Leen, @reshovn in Figs. 3.13(a),3.14(a),3.15(a),3.16(a)respectrely for image3.7(a).
Thepointsbelongingto /.., arethosepoints,having otherpointswith z¢,...,(P) > 0 and
Upram (P) > 0 in the neighborhooaf fixedwindow size.

The extractedcurvature points may be of differentsharpnessype (sharp,medium,
weak). Thecharacteristicef sharpcurvaturepointswill beconfinedwithin asmallregion
but for thatof mediumandweaktypetheregionwill belarger. In view of theabovefacts,
we usea measurdl}, thatcontrolsthe shapeandsizeof the extractedu..,.

In orderto definea quantitatve measureof theregion, constitutingof pointsof yi..,, we
computethesumtotal of differencedor all the pairsof 14,4, andy,,,, Whichfall within
theregion of evaluation,a nxnwindow. This valueis subtractedrom alargevaluey,,,...

(keptfixedat 2.0, found experimentallybetter)to make it increasewith sharpness.

j=n/2 j=n/2

Th = Ymaz — Z Z Hfarm — Hbarm (314)

i=—n/2i=—n/2
Therepresentatie pointsi.e, the clustercenterof eachlocalizedregion (ii..,,) IS rep-
resentedby C;; whosecoordinateis equalto the averagevalue of the co-ordinatesof
the n pointsof eachclusterasshown in Figs. 3.13(b),3.14(b),3.15(b),3.16(b). C;; =
- xi/n, 2 y;/n]
At atfixedvalueof 14, (P) thevalueof T, is experimentallyvariedfrom (0.1to 0.3) to
generateornersof differentsharpness.

Computationalcompleity : The analysisof the computationalcompleity (worst
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Figure3.6: Determinatiorof cornerness.
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Figure3.7: (a) Originalimageof house.(b) Imagehaving prominentcurvaturejunctions.

case)involved in different operationsfor an imageof size M x M andwith window
neighborhoodV x N, is explainedasfollows: 1. Identificationof borderregionsrequires
M?N? operations.2. Computationof pixel contrastratio involves A\M?N? operations
(where0 < X\ < 1.0). 3. Assignmenbf .(P) involves)\ M? operations4. Membership
transformatiorinvolves A\A/? operations.5. Thresholdingnvolves A\A/? operations.6.
computationof 1y and i, involvesAM?N? operations.7.Groupingof pixels basedon
fuzzy rulesinvolves A\ M? operations.8 Computatiorof 7j, involvesA A% N? operations.

Thetotal operationis of the orderof O(M2N?).
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Figure3.8: (a) Pixel contrasthistogramof Fig. 3.7(a)(b) pixel contrasthistogramof Fig.
3.7(b).
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Figure 3.9: Fuzzyedgemap (a) (u.(P) > 0.4) (b) (ua1(P) > 0.4) after membership
transformatior(c) (uq1(P) > 0.9)
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Figure3.10:Imageof house(a) undereposedb) overexposed
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Figure3.11: Pixel contrasthistogramplotsfor imageof house(a) undergposedb) over-
exposed
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3.4 Experimental Results

The performanceof proposeddetectorhasbeenexaminedon varioustypesof images
including imageswhich have undegone image alterationslike blurring, illumination
change hoise,etc. Imageasshown in Fig. 3.12(a)containsobjectsof differentshapes
with varying illumination. The procedureinvolves extraction of edgemap. The edge
mapof Fig. 3.12(a)arethresholdedbove differentmembershivaluesasshovn in Figs.
3.12(b),(c), (d) for (a1 (P) > 0.0), (nar(P) > 0.6), (a1 (P) > 0.9) respectiely. The
pointsabove thethresholdvaluesarerepresentedsdarkedgepixels. It is to be notedthat
theinternalstructureof therectanglgrepresentedsdarkregion) shaovnin Fig. 3.12(b)
could not be extractedproperly dueto poor contrastbetweenthe two regions. In such
casesthe extractionof the structurecould not be doneproperlyasthe gradientvalue of
the edgepixels arevery low andthe thresholdis (14 (P) > 0.0). At ahigherthreshold
valueof 14 (P), strongeredgepointsmainly representinghe boundarypointscaneas-
ily be separatedsshowvn in Fig. 3.12(d). The curvaturepoints of variousregionsare
depictedby symbol*" asshawn in Figs. 3.13(a),3.14(a),3.15(a),3.16(a). Therepre-
sentatve pointfrom eachclusteris shovn in Figs. 3.13(b),3.14(b),3.15(b),3.16(b).The
differenttype of curvaturepointsare obtainedby varying 7, and u4; (P) andshavn in
Figs. 3.13(b),3.14(b),3.15(b). The resultsof our algorithmare comparabldo that of
mostpopularlyusedcornerdetectordik e Harrisand SUSAN detectorandareshown in
Figs.3.17- 3.18. The performanceof differentcornerdetectorsvarieswith the type of
theimageandto obtainthebestresults severalparameterseedto be adjustedor almost
all detectors.We have tried to compareour resultswith the bestresultsobtainedfrom
eachdetectormwith the parameteraluesassuggestedby authors.In our algorithmbetter
resultsare obtainedby keepingthe thresholdof p4 (P) at alower valuewhenthereare
lessernumberof gray level variationse.g.,Fig. 3.7(b). On the otherhandwhenthere
arelarge variationsof distinctgray valuesasthat of Fig. 3.7(a),higherthresholdvalue
of 41 (P) is choserto reducethe numberweakandnoisy edgepoints. Suchresultsare

shavnin Figs. 3.18- Figs.3.20.lt is seenfrom Fig. 3.17(a),(b), (c) thatthe cornerpoints
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I

(@) (b) () (d)

Figure3.12: (a) Original image,sameasFig. 3.7(a)(b) edgeimagefor (x4 (P) > 0.0)
(©) (ua1(P) > 0.6) (d) (ua(p) > 0.9). Pointsabove thresholdplottedascrispedgepoints.

obtainedby our methodFig. 3.17(a)is quite comparabldo that of Harris shavn in Fig.

3.17(b)and SUSAN detectorasshavn in Fig. 3.17(c). However, SUSAN s ableto ex-

tractcornersfrom very low contrastarea.The resultson the houseimagewith threshold
value( a1 (P) > 0.9 and7},= 0.2) for our algorithm,Harrisand SUSAN areshown in

Figs. 3.18. It is seenfrom Fig. 3.18thatthe cornerpointsobtainedby our methodFig.

3.18(a)is comparabldo that of Harris asseenin Fig. 3.18(b)and SUSAN detectorin

Fig. 3.18(c). Our resultis closerto thatof SUSAN with somemoredetailsof curvature
informationthatexistsin differentregionsof thehouseémage.Theresultsobtainedunder
differentimagingconditionsareshavn from Figs. 3.19- 3.20. It is to be notedthatour
proposedletectotis ableto extractmostof significantstructuralcornerpointsundervary-
ing imagingconditions.This is dueto thefactthatthe slopeof thefuzzy propertyplane
is determinedrom the dynamicrange. Although the gray level contrastinformationis
reducedn the overexposedcasein Fig. 3.20, but dueto additionalcontrastintensifica-
tion, significantedgepixels are selectedabove thresholdfor cornernessletection.Even
for nearlybinary imagesour algorithmworks satishctorily asseenfrom Figs. 3.21(a),
(b) and(c).
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Figure3.13:(a) Curvaturepoints(*), (uq (P) > 0.0 andT}, =0.1)(b) representatie point

of eachcluster
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Figure3.14:(a) Curvaturepoints(*), (uqa1(P) > 0.0 and7},=0.2) (b) representatie point

of eachcluster
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Figure3.15: (a) Cunaturepoints(*), (ua1(P) > 0.0 7,=0.3) (b) representatie point of

eachcluster
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Figure3.16: (a) Curvaturepoints(*), (a) (141 (P) > 0.6 andT};, =0.1) (b) representatie

point of eachcluster
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(b) ()

Figure3.17:Cornerpoints(a) Ourdetector(4, (P) > 0.0 and7},=0.3)(b) Harrisdetector
(c) SUSAN

(@) (b)

Figure3.18: Cornerpoints(a) Our detecton( 141 (P) > 0.9 and7},=0.2) (b) Harrisdetec-
tor (c) SUSAN
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() (b)

Figure3.19: Cornerpointsfrom our detector(a) blurredimage(i4; (P) > 0.9 and7},=0.2

(b) houseimagewith noisyregions.
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Figure3.20: Cornerpointsunderillumination changga) overexposedu.4; (P) > 0.9 and

T,=0.3) (b) undergposedcase(iq; (P) > 0.9 and7},=0.3)
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() (b) (c)

Figure3.21: Cornerpoints(a) Ourdetector(q; (P) > 0.0 and7;,=0.2)(b) Harrisdetector
(c) SUSAN

3.5 Cornerdetectionapproachusing Support Vector Ma-

chines

As seernfrom theexperimentakesults thatthe cornerdetectionalgorithmgeneratesjuite
satishctoryresultson graylevel images.However, the performancef the detectobased
on fuzzy rule basedapproactis dependenbn the tuning parameters.,;; (P) and7},. Al-
thoughan ad-hocthresholdselectionschemebasedon pixel contrasthistogramis pro-
posed,but the compleity involvedin total operationss of the orderof O(M?N?). To
enhancehe performancef the detectorin termsof reducingparametetuning, analter
native classificationbasedapproachusing SVM, hasalso beenstudied,which incorpo-
ratesimplicit learningcapabilities.Using the labelededgedirectionsof the fuzzy input
edgepoints,a classificatiorbasedapproachusingSVM is experimented.
Supportvector machinesare a generalclassof learningarchitectureinspired from
statisticalearningtheorythatperformsstructural risk minimizationon a nestedsetstruc-
ture of separatindnyperplane$202]. Givenatrainingdata,the SVM trainingalgorithm
obtainsthe optimal separatindhyperplanean termsof generalizatiorerror. We describe

below the SVM designalgorithmfor a two classproblem. Multiclassextensionscanbe
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doneby designinga numberof one-against-albn one-against-onevo classSVMs.

Supposeave aregivenasetof examples(zy, y1), ...(z,y1), *x € RY ,y; € {—1,+1},

consideringunctionsof theform sgn((w.z) + b) andimposingthe condition,

infl(wa;)+b=1,i=1.,1 (3.15)

We would like to find a decisionfunction f,, , with the propertiesf,, ,(z;) = v; , I=

1,2,...1.1f thisfunctionexists,condition3.15impliesthat,

yi((w.x;) +b) > 1,i=1,2..1 (3.16)

In mary practicalsituationsa separatinghyper planedoesnot exist. To allow for

possibilitiesof violating eqn.3.16slackvariablesareintroducedlike

& >0,1=1,1...ltoget (3.17)

yi((w.x;)) +b) >1—=&,i=1,2...1 (3.18)

The supportvectorapproachfor minimizing the generalizatiorerror consistsof the

following. Minimize,

l
$(w,&) = (ww)+CY & (3.19)

i=1
subjectto the constraintsn eqns.3.1aAnd3.18. It canbe shavn thatminimizing the

first term amountsin egn. 3.19 to minimizing the VC dimension,and minimizing the
secondterm correspondg$o minimizing the misclassificatiorerror, with constraintsC.
The above minimizationproblemcanbe posedasa constrainedjuadraticprogramming

(QP) problem[39]. Thesolutiongivesriseto a decisionfunctionof theform

l

f(z) = sgn[z yia;(z.x;) + b (3.20)

i=1
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Only a small fraction of «; co-eficients are non zero. The correspondingpairs of z;
entriesare known as supportvectorsandthey fully definethe decisionfunctions. The
supportvectorsaregeometricallythe pointslying nearthe classboundaries.

The aforesaidwo classSVM caneasilybe extendedfor multiclassclassificationby
designinganumberof one-against-aliwo classSVMs, e.g.,a k-classproblemis handled

with & two classSVMs.

3.5.1 The ProposedApproach

The proposedapproachconsistsof two phases.In the first phase with the fuzzy edge
inputimage,afour dimensionafeaturevectordescribinganedgepixel is constructedA
local window aboutan edgepoint is consideredandthe countof (other)edgepixelsin
thatwindow having differentlabelsis usedto constitutea four dimensionafeaturevector
for theedgepixelin the centerof thewindow. Thena supportvectormachines designed
onalabeledsetof four dimensionafeaturevectors.The supportvectorsgeneratedh the
designprocessorrespondo cornerpoints.

A four dimensionafeaturevectordescribingan edgepixel is constructedn thefol-
lowing way. Consideringam x m window aboutan edgepixel p;, the numberof other
edgepixels within this m x m window which have directions0, +45, 90, and -45 are
counted. Let this countsbe ng, n, 45, ngg, aNdn_45 respectrely. Let the directionfor
pixel p; itself bed; € {0, +45,90, —45} which is the majority of the counts.The pixel is
assigned classdenotingits own directionof maximumgradient thusobtainingalabeled
datasethaving four classes.Thusthe featurevectorfor pixel p; is [ng, 145, 790, N—45
andclasslabelis d;. It may be notedthat for a non-corneredgepixel, all otheredge
pointsin them x m window aboutit hasthe samedirectionasitself. As aconsequence
only oneof the0, +1, ngg, —1 is Nnon-zerocandthe otherthreearezero. While for corner
points multiple of thesecountsare non-zerowhich in shavn in Fig. 3.22. A support
vector machine(SVM) is thendesignedon this data. It is evident on analysisthat the

featurevectorsfor non-cornermpointswill be interior pointsandthosefor cornerpoints
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Figure3.22: Computatiorof gray-level changes.
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Figure3.23: Visualizationof the distribution of cornerandnon-corneipoints.

will be pointsnearthe classboundariesandcorrespondo the supportvectors. Thusthe
supportvectorpointsgenerateshe cornerpixels. Thusif oneconsiderghe scatterplot
of thesefour dimensionalfeaturevectors,the non-cornempointslie on the axesandare
interior pointsof the correspondinglass,while the cornerpointsareoff-axis pointsand
constitutethe boundaryregion of the classasshavn in Fig. 3.23.

The cornersobtainedby the proposedalgorithmarevisually comparedvith the pop-

ular Harriscornerdetectorfor two graylevel images.

3.6 Conclusion

A fuzzy settheoreticapproachfor detectionof cornersis proposedn this chapter The

proposedalgorithmdoesnot requirecomputationof chaincodesor complex differential
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Figure 3.24: Cornersobtainedfor the houseimageusing(a) Harrisand(b) SVM based

cornerdetectors

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

cornerdetectors
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geometricoperators Experimentdhave beenperformedon varioustypesof imagesto il-
lustratetheefficiengy of theproposedalgorithm. Thealgorithmperformsreasonablyvell
underdifferentimagingconditionslik e changesn illumination, blurring, etc.
Cornerdetectionhasbeenconsiderecanimportantproblemdueto its wide applications
in theareaof imageprocessinggndandcomputervision. Therearemary cornerdetector
algorithmsreportedn theliterature.In mostof the casesthe performancenthedetector
are dependenbn several tuning parameters.Selectionof right parameterssuitablefor
particularimageis extremelyimportant. In the presentcase,a nev methodof selection
of tuning parameterss proposedbasedon the pixel contrasthistogramplot. However,
the algorithmmay be further refined,so that the parametersnay be selectedadaptvely
for thresholdingandincreasets suitability. To copeup with theproblemdik e, parameter
tuning and computationatompleity, an alternatve classificationbasedapproachusing
SVM, hasalsobeenstudied whichincorporatesmplicit learningcapabilities.The algo-
rithm performscornerdetectionby learningon a givenimage. The SVM basedmethod
is fasterthanthe fuzzy approach.The resultsobtainedare quite satisactory Extensve
experimentsmay resultin good performancefor a wide rangeof imagesandincrease
suitability androbustnes®f the proposednethodology This studymaybe extendedasa
futurescope.

The cornerpointsandthe pointsnearaboutto it, holdsa greatpotentialin generat-
ing perceptuallysignificantinformation. Significantfeaturescomputedirom thesehigh
curvaturepointscanbeuseddirectly for characterizinginimagefor imageretrieval appli-
cation. As high curvaturepointsdepictperceptuallysignificantinformationof animage
with limited numberof pixels, local color information of thesepoints may be incorpo-
ratedalsowith spatialinformation. However by combiningsomeglobal(i.e.,combining
propertiefrom all regions)onecanhave a CBIR systemby representingnagesasacom-
binationof significantlocalaswell asoverallsemantiaescriptiorof animage.An image
retrieval systemusingthesepoints,may bea costeffective proposition.This problemhas

beenaddresseth the next chapter



Chapter 4

Retrieval of Color Imagesusing
Significant Featuresand their

Evaluation with Fuzzy Model

4.1 Intr oduction

It is very commonto seethatmostof the naturalimagescontainedgesandcornerswhich
arelocally definedby their positions. Thesefeaturesarevisually significantandencode
a greatproportionof informationcontainedn the image,with limited numberof pixels.
Humanvisual systemis highly efficient in selectingsuchsignificantfeaturesfrom an
image,which may be usedto evaluatesimilarity betweenmages[53], [215]. This may
leadto a comparatiely fastandcheapemechanisnior imageretrieval.

In this chaptey a color imageretrieval schemehasbeenproposedwhich incorporates
significantinformationfrom the high curvaturepoints,for characterizinganimage.

In general,the notion of similarity betweenimagesis dependenboth on local (object
level representation andglobal (imagein total) view. For this reasona large number
of CBIR approacheemploy detailedregion representatiorvia different segmentation

technique$218], [51], [138] for imageretrieval task.As alreadymentionedn chapter2,
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thatalthoughsegmentations importantfor effective characterizatiof animage,but it
is adifficult taskwithout a prior knowledgeaboutthe objectspresenin animage.
Insteadof detailedregion representatiorthe informationin the locality of a cornermay
be considerechsa meaningfullocal featuredescriptor Informationobtainedfrom these
significantpoints may be combinedwith someglobal measurementt generatebetter
representationf animage.

The main focus of researchin the previous problemwasto generateefficient feature
descriptorstich in visually significantinformationandrobustto differenttransformations
like blurring, illumination changesgetc. With the extractedvisually significantpoints
designatedas points of interest(poi), a CBIR problemasapplicablein color imagesis
dealtin this chapter

Although extensve researclon CBIR hasbeenperformedover decadesit hasnot
beenpossibleto achiese desiredaccurag from afully automatedCBIR systembecause,
of semanti@ap.A detailedreview hasbeenmadein chapterl. In animage,eachfeature
triesto captureonly oneaspecbf theimagepropertysuchas(color, texture,shapeegtc.).
In corventional CBIR approache$107], [144], [43], [70], [103], [36], [50], [147] an
imageis usuallyrepresentethy a setof featureswherethe featurevectoris a pointin a
multidimensionafeaturespacelt is thereforeequiredo selectheoptimalsetof features
suitablefor a particulartypeof query in whichthecomponenteaturesnayalsobevaried
accordingto its importancebasedon users feedbackor generatingoetterresults.

The motivation behinddevelopingthe proposedCBIR systemcould be explainedin
the following way. Featureextractionis one of the mostimportantpartin designinga
CBIR system.The featuresshouldbe well separatedn the featurespace.This require-
mentleadsto selectionof nonredundanbptimal setof featurespasedon someinforma-
tion criteria. For aquery theimportanceof thecomponenteaturesof theselectedeature
set, may further be varied by a suitableweighting factor basedon the users relevance
feedbacko improve theretrieval accurag.

Theproposedechniques basedon the assumptiorthattwo visually similarimageswill
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have similar visualcharacteristics.

The proposedmethodologyincludesthreeparts. In the first part, the clustersextracted
arounddifferenttypesof cunature points (sharp,medium, weak) as explainedin the

previous chapteyserne asthe candidatgoointsfor computatiorof featuresInvariantmo-

mentsof the extractedpoint setsareusedfor similarity evaluation.Besidethesefeatures,
someglobal measurementarealsoconsideredo improve the resultsfurther, asthe no-

tion of similarity is dependentn bothlocal (significantcunaturepointsandaround)and

global(imagein total) view.

In the next part, afeaturerankingof the extractedfeatureshasbeenmadeto select,a set
of relevantandnon-redundanteaturesbasedon the mutualinformationcriterion. From

which it is shavn, thatnot only the featuresrom the significantlocationsaresuficient,

but alsothe spatialandcolorinformationof thetotalimageis necessaryo generatesubtle
discriminationbetweerimages.This setof featuresareusedto retrieve imagesn thefirst

pass.

In thethird part,afuzzy entrofy basedeatureevaluationmechanisni153]is proposedo

enhanceheaccurayg of thesystembasedn usersfeedback Theusermarkstherelevant

andtheirrelevant setof imageswithin the retrieved set. The individual featureweights
areupdatedusinga measure&known asfuzzy featureevaluationindex (FEI) [153]. This

valueis computedrom the’intrasetambiguity’ andthe’intersetambiguity’ asobtained
from therelevantandirrelevantsetof images.Theresultsof the proposednethodology
arecomparedwvith thatof somewell known techniquesiamely integratedregion based
approach206], [51] andcolor histogrammethod[176]. Theresultshave alsobeencom-

paredin theframavork of MPEG-7visualfeaturestandards.

The organizationof the chapteris asfollows: A brief discussionon imageretrieval
methodsusingvisually significantpointsandrelevancefeedbackmechanismn provided
in 4.2. In Sectiord.3,the proposednethodologyis describedn details,while the exper
imental stepsand correspondingextensve resultsare demonstratedh Section4.4. The

concludingremarksaregivenin Sectior4.5.
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4.2 Review of relevancefeedbackand image characteri-

zation methods

This sectionprovidesa brief discussioron someof the featureextractiontechniquesand

relevancefeedbackmechanismusedin CBIR applications.

4.2.1 Image characterization methods

Imagecharacterizatiomsedin CBIR, aremainly basedn (a) globalfeaturebasedepre-
sentation(b) region featurebasedepresentationin thefirst approachglobalhistogram(
color, texture orientation,entroyy, etc.) areusedto represenainimage[183], [62], [139].
Similarity betweenmagesarecomputedasedn somespecifieddistancaneasuref30].
Global representatiomgives a grossmeasurement.Imagescan be more preciselyde-
scribedby the local properties. In the region basedapproachan imageis segmented
into significantregionsandeachregion may be treatedseparatelyfor extractionof local
featureg51], [43]. Theaccurayg of the segmentationbasedechniquegreatlydepends
uponthemethodusedandthea priori knowledgeaboutthetotalnumberof classepresent
in animage.Oneway of tacklinguncertaintyarisingout of sggmentationerrorsmay be,
to avoid a prior rigid segmentatiorandtry to estimatdocal featuredrom visually signif-
icantpoints.

Fromthepsychovisualstudieqd123] it hasbeenobseredthat, high curvaturepoints(cor-
ners)play a significantrole in characterizingnobject. Characterizingmageswith visu-
ally significantpoints(sharpcurvature)have beensuccessfullyappliedin imagematching
andretrieval applicationg121], [141]. A recentwork on optimal useof color pointsof
interestfor CBIR is proposedn [76]. Detectionof significantpointsbasedntheanalysis
of statisticsof color dervativeshasbeenrecentlyproposedn [209]. Mikolajcvzyk pro-
posedaninterestpointdetectorinvariantto affine change$141] wherematchingbetween
two imagesare madefrom determiningpoint to point correspondenceln [122], Scale

Invariant FeatureTransform(SIFT), invariantfeatureshave beenproposedwhich have
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goodapplicationdor objectrecognition.An imageretrieval techniquen whichlocalfea-

tures( color, texture, etc.) arecomputedon a fixed sizedwindow of regulargeometrical
shapesurroundinghe cornerpointsis proposedy Loupiasetal.,in [121]. Localimage
representationasing prunedsalientpointsfor applicationsto CBIR hasbeenproposed
in [220]. In this approachthe featuredor salientpointsrepresentocal characteristicef

that point so that the similarity betweenfeaturesindicatesimilarity betweenthe salient
points.

In caseof estimatinglocal featuresaroundsignificantcurvaturepoints, properselection
of thewindow sizeandshapés necessaryA big window mayincorporatdot of insignif-

icantinformation(noise plongwith significantinformation,whereagor smalloneslot of

importantinformationmaybeleft out. Sotheapproactof fixedwindow selectiormaynot

alwaysguarantedhe bestresult. The curvaturepointsmay be of differenttypes(sharp,
medium,weak). The characteristic®f sharpcurvaturepointswill be confinedwithin a

smallregion, but for that of mediumandweaktype the region will be larger. This fact
indicateghat,selectionof setof pointsof interest(poi) basednthecurvaturetype could

be abetterapproach.

4.2.2 Relevancefeedbackmechanism

Effective relevancefeedbackmechanismhasalsobeenidentifiedasanimportant[178],
[224], [80], [45], [214], [192], [117] problem,usedto bridgethe semantiggap. Majority
of the relevancefeedbackmethodsemploy two approache$l77], [178] namely query
vectormoving techniqueandfeaturere-weightingtechniqueto improve retrieval results.
In the first approachthe queryis reformulatedby moving the vectortowardspositive /
relevantexamplesandaway from the negatve examples assuminghatall positve exam-
pleswill clusterin thefeaturespace Featurere-weightingmethodis usedto enhancehe
importanceof thosecomponent®of a featurevector thathelpin retrieving relevantim-

ages,while reducingthe importanceof the featureghatdoesnot help. Howeverin such
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casesthe selectionof positive andnegative examples,from a small numberof samples
having large numberof featuresstill remainasa problem.

In MARS, [177] afeatureweightis determinedy examiningthevarianceof thefeatures,
acrossthe setof retrieved imagesmarked asrelevant by the user Relevancefeedback
techniquesn CBIR, have mostly utilized informationof therelevantimagesbut have not
madeuseof theinformationfrom irrelevantimages.Zin etal., [94] have proposech fea-
ture re-weightingtechniqueby usingboththerelevantandtheirrelevantinformation,to
obtainmoreeffective results.

Recently relevancefeedbackis consideredas a learningand classificationprocessus-
ing classifierdik e Bayesiarclassifierd203], neuralnetwork [165], etc. However trained
classifiersbecomelesseffective whenthe training samplesare insufficient in number
To overcomesuchproblems,active learningmethodshave beenusedin [85]. Our pro-
posedmethodusesthe conceptof combininginformationfrom both relevantandirrele-
vantimagesreturnedo theuser Theaim of relevancefeedbackapproachess to develop
new methoddfor iterative improvementof the results,basedon a particularsetof image
features.However, generatiorof satishctoryresultseven from the first setof retrieved
imagesis alsodesirable.This necessitatedevelopmentof suitablelow costfeatureex-

tractionmethodsfor betterrepresentationf images.

4.2.3 Definitions and formulations used

The imagepropertiesusedin the featureextraction andfeatureevaluationmethodsare
explainedin this section.

fuzzyentropy: Theentropy of afuzzy sethaving n pointsis definedas[155],

) Sa(u(r))si =12 (4.1)

H(A) = (—

wherethe Shannors function, (S, u(x;))=-p(z; )Inp(z;)-{ L-p(x;) Hn{1-p(z;) }. Entropy

isdependenbntheabsoluteraluesof membershif.) andsatisfiesheproperties H,,.;,, =
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0 for u=0o0r1, H,,,, = 1for u=0.5

Invariant moments

Momentsarea global descriptorof a shapewith invariancepropertied75]. The mo-
mentsm,,, of orderp andq of afunction f(z, y) for discreteémagesareusuallyapproxi-

matedas,

Mpq = Z Z 2Py f(z,y) (4.2)

Thecentralizednomentsareexpresseds,

tog =Y (@ —=2)(y—9)f(z,y) (4.3)

wheregy="42, y=moL
moo

moo

Thecentralizednomentauptoorder2 areexpresseds,

Moo = Moo
2
m
= Mgy — L
H20 20 oo (4.4)
_ _ Mo
Ho2 mMo2 = oo
pan = gy — oL

moo

Thenormalizedcentralmomentsarecomputedas,

7!
Tlpq = # (4.5)
Hoo
wherey = ’%q + 1 forp+ g =2,3,.... A setof ssstenmomentsnvariantto translation,
rotation and scalecan be computedfrom 7,,. Of which the invariantmoments(¢!) is

consideredor the proposedeatureextractionrepresenteds(4.6).

<Z51 = 2o + No2 (4.6)
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4.3 The proposedmethodology

Thefeatureextractionandfeatureevaluationalgorithmsusedin the proposedechnique
may be explainedas follows. We obtaina numberof clustersof significantcurnature
points (signature) whosecentroidalmostrepresenthe stablecornerpoint. This setof
pointscanbe consideredsthereducedepresentate setof the originalimage. The de-
tailedmethodologyfor extractionof significantpointshasbeenexplainedin Chapter3. A
setof relevantandnonredundanteaturess selectedusingthe mutualinformationbased
minimum redundang-maximumrelevancecriterion. The importanceof the individual
featurecomponents evaluatedrom fuzzy featureevaluationindex (FEI) andtheweights
areupdatedhasednthe (FEI) values.

In the presentwork, thresholdinge,, of equation3.1, at values(uq; (P) < 0.5) are
not consideredecausethis may selectlot of spuriouscurvaturepointsalongwith high
andmediumtypeandreducetheaccurag of thetechniquesThe pointsextractedashigh
curvaturepointsfrom theedgemap E;,, with 14, (P) > 0.6 arechoserfor computatiorof
featureswhich characterizeéhe perceptuallysignificantregions. Experimentally better
resultsarefoundwith valuesp; (P) > 0.5, typically greaterthan(.6, .7, .8). Theimage
is representedby a signatureconsistingof a setof clusters{c,= my, w,,x } wherem,
representghe spatiallocationsof thefractionw,,,;, of pixelsthatbelongto eachcluster &
rangesrom oneto the numberof clustersextractedfrom the edgemap.

The extractedsignaturefor someimagesareshavn in Figs. 4.1,4.2,4.3. The proce-
dureis implementedor colorimagesby cornverting RGB planeto HSI andconsidering

only theintensitycomponenfor detectingthe significantpoints.

4.3.1 Computation of color momentsat selectve points

Color momentshave beenvery successfullyusedin mary retrieval systemdike QBIC
[62], [70], [44]. Colorimagecanbe specifiedby tristimulusvalues(RGB, LUV, YCrCb

etc.) where eachimage can be split into independenimage planescorrespondingo
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differentattributesof animagenamelyhue,intensity etc. Thefirst order(mean)the sec-
ond (variance)have beenproved effective for representingolor distributionsof images.
Amongthedifferentcolor modelsreportedn literature,normalizedgb representatioril-
luminationandviewing geometryinvariantrepresentationsyhich mostly belongto HSI
family of color modelarepopular In additionto thesetraditionalcolor spacesnew in-
variantcolor models(c;,co,c3) have beenproposedn [69] which discountghe effectsof
shadingandshadavs also. We have choserthe (¢;,c0,c3) invariantfeaturemodelwhich
aredefinedn thefollowing (4.7). Thismodelis ableto denotethedifferencebetweertwo
colors,basedon their perceptuatifference.Invariantcolor representatioare popularly
usedin CBIR. However, thesemodelshave shortcomingsindercertainsituationsdueto

lossof discriminationpower amongimages.The RGB planeis convertedto (c;,c,c3)

¢ = arctan(R/mazx(G, B))
o = arctan(G/maz(R, B)) (4.7)
c3 = arctan(B/maz(R,G))

The imageis characterizedn the following manner The invariantmoment(¢!) as
shavnin sectiord.2.3,computedrom thelocations(poi), will helpto identify color sim-
ilarity of theperceptuallysignificantregions. Invarianceof momentensuredetterresults
for separat@bjects thanthe descriptionusedfor theimage.However, the featurefrom
(poi) may be usedto produceefficient matchingbetweenmages,dueto inherentstruc-
tural information. Naturalimages(consistingof differentobjects),aremoreof semantic
significance. Consideringthesefacts, additionalfeaturesare computed,taking all the
pointsover the componenplanes. The combinedsetof featureswould be ableto pro-
vide bettersemantiaepresentationThe proposedeaturevectorhassix componentas

represented (4.8).

fr=A{d1(So) iz (4.8)
S. representshe componeniplanes. ¢; arethe invariantmomentscomputedusing

equations(4.2)to (4.6). Forl ={1,2,3}, f(z,vy)s, = {c1, c2, c3 } valuesrespectiely, of
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all points(x,y) € M x N. Forl={4,5,6}, f(z,y)s, = {c1,c2,c3} valuerespectiely, for
(z,y) € wyk (clusterslanddefault white (1) for otherlocations,asshowvn in Fig. 4.1(b).
The featurevectoris representea@s, F'= [ f1, f2, f3, [4, f5, f¢]. The similarity between

imagesareevaluatedfrom measuringeuclideandistancebetweerthe featurevectors.

4.3.2 Feature selectionmethod

For naturalimages(consistingof differentobjects)the representationbtainedfrom cor-
nersignature althoughimportantbut may not be sufficient for discriminatingthemfrom
othercateyories. To shaw this, the extractedfeatureshave beenranked usingan optimal
classifier Theminimumredundang-maximumrelevancebasedeatureselectionrmethod,
proposedy Battiti [25], is usedto extractasetof nonredundarandrelevantfeaturesThe
relevanceof a featurewith respecto the classandthe redundang betweenwo features
arecalculatedusingthe mutualinformation. To calculatethe mutualinformation,theval-
uesof eachfeatureis thresholdedising . (mean)ando (standarddeviation): ary value
largerthany + /2 is transformedo statel; ary valuebetweery, — o/2 andp + o/2
is transformedo stateO; ary valuesmallerthany — o/2 is transformedo state-1. To
evaluatethe effectivenessof the selectedieatures the leave-one-outcrossvalidationis
performedusing the C4.5 baseddecisiontree algorithm [166]. The C4.5is a popular
decisiontree-basedlassificatioralgorithm. It is usedfor evaluatingthe effectivenesof
reducedeaturesetfor classification.Theselectedeaturesetarefed to C4.5for building
classificatiormodels.The C4.5is usedherebecauset performsfeatureselectionin the
processof training andthe classificationmodelsit builds arerepresentedh the form of
decisiontrees which canbefurtherexamined.

This approchhasbeenpopularlyusedfor efficientimagecharacterizationThe features
[f1, fa, f5---, fs| areevaluatedon all imagesof the (SIMPLIcity) databasevhich consist
of imagesfrom 10 differentsemanticcateyories. As seenfrom the classificatiorresults,
of Table4.1andTable4.2,thatadditionof thecomponentdy, f5, f¢ with thecomponents

of f1, f2, f3 Improvestherecognitionscore.Thisimpliesthatcombinationof local prop-
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erties(information from cornersignature)and global moments(consideringall points)
areimportantfor effective characterizatioof animage.Howeverthefeaturefs, fs alone
donottake significantpartin improving therecognitionscore.

Thefeatureq f; ... fg] areinvariantto rotation,translationand scalingby definition as
explainedin section.4.2.3. To testtherobustnes®f the featuresagainstnoise,we inject
noiseat differentlevelswith SNRrations(50dB,20dB,0dB and-10dB)onthequeryex-
amplesof a particulartype. We addthis classof imagesnto the databasémagesto form
a separatenoiseinjectedclass. We labelthe classaslevel 10. Theerrorratefrom such
classis alsoshavn in Table4.1 andtable4.2. This indicatesthatthe proposedeatureis
not noiseinvariant.

It hasbeenmentionedhatinvariantrepresentationsancover awide rangeof perceptual
variations but at the sametime lacksdiscriminationpowver amongimages.With thefea-
turesfi... fs computeddirectly from the RGB plane,i.e., without usingequation(4.7)
betterrecognitionhasbeenobtainedfor someclassesgvenfor the noiseinjectedcase,
asshawn in Table4.3andTable4.4. We have designatedhe featureset|f;, fo, fs..., fo]
ascomputedrom (cy, co, c3) modelusing(4.7) asset(Al), andthosecomputeddirectly
from RGB planeasset(B1). Therecognitionscoreasobtainedfrom boththe casesare

shavnin Tables4.1- 4 .4.

4.3.3 Estimation of relativeimportance of differ ent featuresfromrel-

evancefeedback

An effective relevancefeedbacksystemshouldprovide solutionsabouthow to learnand
accumulateknowledgefrom small setof feedbackimages. Eachtype of visual feature
tendsto captureonly oneaspecbf theimageproperty It is hardto specifyhow different
aspectsareto be combinedto form a query In the proposedapproachwe combinedis-

criminantinformationfrom therelevantandirrelevantsetof retrievedimagesto evaluate



4.3 The proposedmethodology

118

Table4.1: set(Al), 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 | (a) | (b) | () | (d) | (e) | () | (9) | (h) | (&) | (4) | (K)
classO | 77| 2 | 3| 2 |12 3 | 1 1 (a)
classl | 1 |75 4 | 1 | 3| 5 11 (b)
class2 | 7| 1|57 8| 5| 7 13| 2 (©)
class3 | 1 | 3 88 5 2 (d)
class4 | 5 | 1 94 (e)
classs | 9 | 2| 4| 2|3 |74/ 1| 1]|1]3 )
class6 | 2 9 53| 4 32 (9)
class7 | 1 | 1 1 97 (h)
classs | 1 |16| 6 | 5| 1 | 3 1|66] 1 (i)
class9 | 3 3| 2 2 | 4 2 84 ()]
classl0 10 9 | (k)
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Table4.2: set(Al), 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 | (a) | (b) | () | (d) | (e) | () | (9) | (h) | (&) | (4) | (K)

classO | 93 1] 2 3 1 (@)
classl | 3 | 86 4 | 1| 4 2 (b)
class2 | 5| 7 |74 5| 1| 2|1 3| 2 (©)
class3 | 1 | 2 91 3 2|1 (d)
class4 | 2 97 1 (e)
classs | 5| 2|6 | 2| 2|79 2] 1 1 )
class6 | 1 2 | 4 2 179 2 |1 1 | (9
class7 | 1 1 97 1 | (h)
class8 | 2 |12 3| 3| 1|2 |1]| 1|75 (i)
class9 | 3 2141 2|1 ]10]| 2 76 g)
classl0 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 | (a) | (b) | () | (d) | (e) | () | (9) | (h) | (&) | (4) | (K)
classO [ 82| 3 | 2 | 2 | 2 6 1 2 (@)
classl | 4 | 69| 4 | 8 7 711 (b)
class2 | 9 | 6 | 76| 3 5 2 1] 1 (c)
class3 | 6 | 9 | 5 | 72 4 31| 1]()
class4 98 | 2 (e)
class5 | 4 | 6 | 3 | 2 70 5| 4| 6 )
class6 | 2 112 3 84| 1 5 2 |(9)
class7 | 3 1 6 76 14 (h)
classs | 3| 3|3 |5 | 1|10/ 2 73 (i)
class9 | 10 | 2 3 1 3 6 112721 1|(
classl0 18 | (k)
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Table4.4: set(B1), classifiedas

feature::1 rank::

feature

feature

3
12 rank:l
23 rank::4

2

feature::4 rank::

feature

feature

5 rank::-1
6 rank:-1

Errors:: 189(18.6percent)

Image | (a) | (b) | (¢) | (d) | (e) | ()| (9) | (R)| ()| (4) | (k)

classO | 82| 1 | 3 | 2 2 6 4 (@)
class1 | 1 | 70| 5 | 9 5 8| 2 (b)
class2 | 5 | 4 |81 3 2 2 211 (c)
class3 | 6 | 3 | 7 | 75 5 3|1 (d)
class4 100 (e)
classs | 4 | 5| 3 1 | 74 5| 3| 5 )
class6 | 3 | 4 2 88 3 9)
class7 1 8 76| 2 | 15 (h)
classs | 1 | 3|5 |6 | 1| 1| 1| 2/80 (i)
class9 | 7 | 3 | 2 | 4 2 3 6 1|12 ]70] 1 |(
classl0 1 17 | (k)
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theimportanceof individual componentg$or a particularquery

Let animagedatabase5,; be composedf d distinctimages,/={1,l5,...,[;} where
I € S;. ForadqueryI,, the retrieval decisioncan be madeby measuringsimilarity
betweerthe featurevectors,basedon somespecifieddistancemeasure.Theimage! is
representedby a setof featuresF' :{fq}flvzl, where f, is the gth featurecomponentn

the N dimensionaffeaturespace.The commonlyuseddecisionfunction for measuring

similarity betweerthequeryimage!,. andotherimagesl, is representeds,

N
Dis(I,1y) = ququ(I) — fo(dar)] (4.9)
q=1

where||f,(I) — f,(1,-)|| is the Euclideandistancebetweerthe ¢th componenandw, is
theweightassignedo the gth featurecomponent.The weightsshouldbe adjustedsuch
that, the featureshave small variationsover the relevantimagesandlarge variationover
theirrelevantimages.Let k similarimages/;={1,,15,...,I;;} where,I; € I, arereturned
to the user Let I, bethe setof relevantimagesand I;, be the setof irrelevantimages
asmarked by theuser I, = {I; | I, relevant,for I; € I,} and ;. = {I; | I; irrelevant,
for I; € I;}. Theinformationfrom I, and /; arecombinedto computethe relative
importanceof theindividual featuesfrom fuzzy featureevaluationindex (FEI) proposed

by Pal etal.,[153], [154] in patternclassificatiorproblems.

Feature evaluation index

The fuzzy measurgFEl) is definedfrom interclassand intraclassambiguitiesand ex-
plainedasfollows. Let Cy, Cs,.... C; ... C,, bethem patternclassesn anN dimensional
(f1, f2. [y, ---fn) featurespacenhereclassC’; containsy:; numberof sampleslt is shavn
thatthe valueof the proposedneasure/{ ; (fuzzy entrogy) [155] asexplainedin section
4.2.3givesa measureof 'intrasetambiguity’ alongthe gth co-ordinateaxisin C;. The

entropy of afuzzy set,having n; pointsin C; is computedas,

1

n;ln2

H(A) = (——) S Sulpgfug))ii = 1.2.0m, (4.10)

2
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wherethe Shannors function, (Sy/i( fig;))=-1(fiqi )1t (fiqs)-{ L1 figr) HIN{ 11 fig;) }
For computingH of C; alonggth componentsdescribedn section4.2.3,a standard

S-typefunctionis considerecindthe parametersresetas,

b = (qu)av
¢ = b+maz{|(fo;)av — (fo)mazl,|(fo;)av — (fo;)min[} (4.11)
a = 2b—c

where( f,;)av, (f,;)maz, (f,;)min denotethe meanmaximumandminimum valuesre-
spectvely computedalongthe gth co-ordinateaxis over all the n; sampledn ¢;. Since
w(b) =u( fy;)av =0.5,thevaluesof H arel.0atb = ( f,;)av andwouldtendto zerowhen
movedaway from b towardseitherc or a of the S function. Selectingh= ( f,;)av indicates
that, the crossover pointis nearto the queryfeaturecomponentHigherthe valueof H,

morewould bethenumberof sampleshaving ( f) equalto 0.5. Thisindicateghat,more
would be thetendeng of the sampledo clusteraroundthe meanvalue,resultingin less
internalscattewithin the class.After combiningthe classes”; andC), the meanmaxi-
mumandminimumvalues( f;)av, (f,x)max, (f,;x)min respectiely of gth dimension
overthesamplegn; + n;) arecomputedsimilarly, wheren,, arethesamplesn classCy,.

Thecriteriaof a goodfeatureis that,it shouldbe nearlyinvariantwithin class,while em-
phasizingdifferencedetweenpatternsof differentclasseg153]. Thevalueof H would

thereforedecreaseafter combiningC; andC, asthe goodnes®f the gth featurein dis-
criminatingpatternclasses”; andC; increasesThe measuralenotedas H,;;, is called
"intersetambiguity” along ¢ dimensionbetweenclasse<”; and Cy. Consideringthe
two typesof ambiguitiesthe proposed-eaturesvaluationindex (FEI) for the gth feature
is,

H,

FEI) = ——%9% 4.12
( Q) qu +qu ( )

Thelowerthevalueof I'E 1, thehigheris thequality of importanceof theqth feature
in recognizingand discriminatingdifferent classes. The precisionof retrieval can be

improvedwith thesevalues.
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In the proposedalgorithm,the numberof classesretwo. Therelevantimagesconstitute
the (intraclass)andthe irrelevant imagesconstitutethe (interclass)imagefeatures. To
evaluatethe importanceof the gth featurethe qth componenbf theretrievedimagesis
consideredi.e., 1?0 ={1?, {7, [§ N AL

H,; is computedfrom I\9= {1'?, 19 19 .1V, Similarly H, is computedfrom
the setof images /" ={1\%, 1), I\7), ... I\"}. H; is computedcombiningboththe

sets.Imagesarerankedaccordingo Euclideandistance . Theusermarkstherelevantand

irrelevantsetfrom 20 returnedmagesfor automaticevaluationof (FEI).

Effect of samplesizeon evaluating importance

We addresghe issuedlike, how to managewith limited numberof returnedimages,to
extract discriminantinformation. The relevant featurecomponentsare expectedto be
closerin the featurespacethantheirrelevantcomponentsHencebandwidthdefinedas,
B,=c,; — a,; of thestandards — type functionfor computingintrasetambiguityis small.
In thecaseof computingH ;. or H,;;,, themembershiwaluesspreadverawiderrangein
thefeaturespace This indicateghatfeaturesmarkedasirrelevant,alsohave significance
in evaluating(F'E1). To studythe effect of imagesamplesize on the FEI values,we
combinetwo distinct categoriesof images. We mark categyory (1) asrelevantandthose
from category (2) asirrelevant. We increaséhe samplesizeof therelevantandirrelevant
images(double,triple, half, etc). We alsotestwith othercombinations.The FEI values
computedrom differentcombinationsareshavn in Table. 4.5. As seenfrom the table,
the (FEI) valuesindicatesameorderof importancefor all the casesWe considerfirst 20
imagesfrom eachiterationandselectonly thoseimagesas(intraset),which arevisually

very closeto thequery Therestareconsideredinterset).

Adjustment of weights

The markingof relevantandirrelevantimagesis subjectve. One may emphasizenore

on similarity betweenone feature(e.g., color) than someother features( e.g., shape),
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whencomparingwo images.Accordinglytheweightsneedto beadjustedLet thequery
featurevectorbe representeds F. The individual componentf relevantimagesare

expectedo vary within asmallerrangesay(¢). Theseimagesmay be characterizeas,

e
|F

In thefirst passall featuresareconsideredo beequallyimportant.Hencew; =ws,...=w,=1.

I ={I; €1, <} (4.13)

The featurespaceof the relevantimagesarethereforealteredin a similar fashionafter
updatingthe componentsvith w,. As aresult,the ranksof the relevantimagesare not
affectedmuch. For irrelevantimages,onefeaturecomponenimay be very closeto the
guery whereasotherfeaturecomponentay befar away from the queryfeature.But the
magnitudeof the similarity vectormay closeto the relevantones. Theseimagesmay be
characterizeas,

0fq1

0 fq2
Iy ={l€l,: =L > cand=%=
! ] ||

After the featuresof the query andthe storedimages(S;) have beenupdatedwith the

< ¢} (4.14)

FEI values,the weightedcomponentsre expectedto dominateover featurespacesuch
that, the rank of the irrelevant onesare pulled down. We have testedthe results,from
updatingtheweightswith w,= FE1,?, ﬁ; andobtainedetterresultfromw,= FEI?,
in majority of the cases.Intuitively this dependson how the combinationof important
featuresdominateover the othersfor a particularquery As seenfrom the section4.3.3,
theimportanceof theindividualcomponentss decidedautomaticallyfrom thedecreasing
orderof the (FEI) values.In orderto furtherenhancehe effect of theimportantfeatures,
we introduceanothermultiplying factor¢,; to make the componentmore dominating.

Theweightsof theindividual featuredor successie iterationsareexpressedsfollows ;
Wqr = quf X (FE]qf)2 (415)

wherethe valueof t,; arechosenas {1.0,0.1}. The weightsfor the queryresultsare

shavn in Table.4.6.
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Anotherimportantissuein evaluatingsimilarity betweenimages,is how to managethe
weightedcomponentsvithin the similarity function. Sincedifferentcomponentsvithin
thefeaturevectormay be of totally differentphysicalquantity the presencef very large
valuesof somefeaturecomponentsnay biasthe similarity, in generatinghefirst setof
retrieved candidates. One solutionis normalizationof the featureq178], to ensurethat
individual componentreceve equalemphasis. The proposedfeatureset almostrepre-
sentthe samephysicalquantity (moments). Thereforenormalizationis not requiredin

computingEuclideandistancebetweerthefeaturevectors.

4.4 Experimentation

The performanceof imageretrieval systemis testedupontwo database&) SIMPLIcity
imagegb) corel10000miscellaneouslatabaselown loadedfrom,
(http://begman.stanford.edu/cgi-bimtvw wavesearch). SIMPLIcity Databaséas1000
imagesfrom 10 differentcategories( Africa, Beach,Buildings, Buses,Dinosaurs Ele-
phantsFlowers,MountainsandFood). Eachcateyoryis having aroundl00imagesalong
with someimagesundegonechangesiueto (rotation, translation,scaling,noiseinjec-
tion, illumination, etc). Our mainobjectie is to designan efficient CBIR systemusing
simpletechniquesnvolving low costfeatureextractionmechanism.Momentsgenerate
acompactrepresentatiowith fewer numberof featurescomparedo othersophisticated
features. It may at the sametime yield poor resultsif queriesare of higher semantic
significance. The experimentsare performedin the following manner We startedwith
the proposedeaturesetas explainedin section4.3.1, and obtainedsatisfctoryresults
for almostall categoriesexceptfor few cases.In suchcasedetterresultsare obtained
by computinginvariantmomentg¢! ) directly from the RGB componenplaneswithout
using(4.7). We designatehe featuresetascomputedrom (ci, ¢2, ¢3) modelusing(4.7)
asset(Al), andthosecomputedirectly from RGB planeasset(B1). Suchdifferencesn

performancescanbeexplainedfrom thefactthat,the RGB componentsresensitve to
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varyingimagingconditionsbut have betterdiscriminatingpower amongimages.For an
unknovn databasdeatureset(B1)becomes goodchoicewhenthereis lessvariationin

theimagingconditionsor perception Both thesetof featuresarecombinedn ahierarchi-
cal fashionin somecasesio testtheresults. The lllumination invariantset(Al) is used
first to getthe shortlisted candidatesround(100images)anda secondsetof retrieval is
performedon the shortlisted candidatesisingset(B1). Eachretrieved setcanbe further
subjectedo featureevaluationschemepasedon relevancefeedbackfor generatingstill

betterresults.

4.4.1 Performanceevaluation

The experimentalresultsare shavn from Figs. 4.1 to Figs. 4.18. The resultsare ex-

plainedasfollows : The signatureof theimageof Fig. 4.1(a)is shovn in Fig. 4.1(b)at
a1 (P) > 0.8. Similarly for Fig. 4.2(a),the signatureshresholdedt 114, (P) > 0.7,0.8

respectrely, areshavn in Fig. 4.2(b),(c). Theedgemapat 14 (P) > 0.6 andcorner
signatureof Fig. 4.3(a)is shavn in Fig. 4.3(b), (c). The queryresultsof SIMPLIcity

databaseareshownn in ( Figs. 4.4 - Figs. 4.8). The signatureis generatedat a threshold
valueof 4 (P) > 0.8. Imagesaredisplayedrom left to right accordingo the Euclidean
distancewith thetop left imageasthe queryimage.

The queryasshown in Fig. 4.4(a)is of a red flower, which is ableto identify similar
imagesundegoneillumination changesTheimagein Fig. 4.4(b)is from horsecatagory.

Theprecisionobtaineds high andtheretrievedimageshave similarity in semanticsFig.

4.5(a) shaws the result, when queriedwith dinosaur The precisionobtainedis highly
satishctoryfor suchimageshaving distinctobjects.The featureis fairly invariantto lin-

eartransformationsWe mark theimagessimilar in shapeandcolor from Fig. 4.5(a)as
relevantandtherestasirrelevant. Thefurtherimprovementin precisioncanbe seenfrom

Fig. 4.5(b),from its ability to retrieve blurred,noisyimagegat position4th and6th from

left) afterupdatingthe weightscalculatedrom the FEI values.Theresultswhenqueried

with a flower(yellow) is shovn in Fig. 4.6(a)asobtainedwith set(B1). Fig. 4.6(b)is
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obtainedfrom set(Al). The precisionobtaineddependsmoreon users judgment. Set
(A1) hasbeenableto retrieveimagesundegoneillumination changebut precisionis low.
Theimagesof this cateyory have objectswith someregularity in shapeandbackground.
We markonly thoseimagesasrelevantfrom Fig. 4.6(a),which arevisually closeto the
guery bothin (color andshape).Theimprovementafter updatingthe featureweightsis
obseredin Fig. 4.7(a),(b) from retrieving moreflowerswith its literal color properties.
The queryin imageFig. 4.8(a)is from category of Africa, which hasmulti coloredand
texturedregions. The queryinvolvesmore of semanticreasoninghancolor andshape.
Improvementin resultsafter featureevaluationhasbeenobsered in Fig. 4.8(b). As
seenfrom theresultsof Fig. 4.9(b),the precisiondid notimprove significantlyfrom Fig.
4.9(a). FromFig. 4.9(a),theimageshaving similar color combinationare markedrele-
vant. However asseenfrom Fig. 4.9(b),the semanticallysimilarimageshave attaineda
higherrank. FromFig. 4.10(a)it is seenthat,the queryon bus hasretrieved someflow-
ers,from the proposedeatures After markingthe flowersasirrelevantandemphasizing
moreon shapesignaturepetterresultsareseenfrom Fig. 4.10(b)and4.10(c).FromFig.
4.11(a),we markimagescloseto the color of the query asrelevantandarrive at results
shovnin Figs. 4.11(b),Fig. 4.11(c).As seenfrom theresults,in eachiterationthe num-
ber of intrasetimagesareincreased.The resultsalmostcorverge after secondteration,
which is a desirableproperty However the initial precision,from which the resultsare
improvedin subsequenstagesdependsnore on the suitability of the proposedeature

for aparticularquery

The resultsobtainedfrom databasgb) 10000 miscellaneousmagesare shovn in Fig.
4.12-4.13. Theresultsof Fig. 4.12(a)show the retrieved candidatedy combiningthe
featuresin a hierarchicalfashion. Improvementin resultsis shavn in Fig. 4.12(b). As
the queryimageof Fig. 4.12(a)is a single object, the shapesignatureshouldbe more
discriminantin this case.To studythis, we have setw, , ws, w3 = zero. Theresultfor this

obsenationis shavnin Fig. 4.13(a).Theresultdid notvary significantlyfrom thatin the
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caseof Figs. 4.12(a).Theresultfor aquery(scene)s shovn in Fig. 4.13(b). Theresults
obtainedprovesto be satisactoryfor retrieving scenes.
To evaluatethe performanceof the proposedschemewe have randomlychosenqueries
from eachcateyory of SIMPLIcity dataset. The averageprecisionvaluefrom eachcat-
egory, afterretrieving (10, 20, 40) imagesare shovn in Table4.7. The performancds
evaluatedin termsof precisionrate given by the fraction of correctly retrieved images
within the retrieved set. It canbe a betterchoicefor an unknovn databasepecause
for evaluatingthe recall rate the numberof relevantimagesof a particulartype needto
known, whichis difficult for alarge databaseConsideringhe numberof relevantimages
to be 100in eachcategory the overall the PrecisionRecallcurve for the SIMPLIcity test
databasafterfirst iterationis showvn in Fig. 4.14

Compleity : We have implementedthe algorithm on a SUN Blade systemwith a
700MHz ProcessorThe CPUtime for computingthe featuress on the averagelO secs.
The computatiorrequiredfor matchingand sortingour resultsis explainedasfollows :
Let T(n) be the averagetime to retrieve a query The complity involvedin computing
Euclideandistanceis O(ND) where D is the numberof componentswithin the feature
vector N is the numberof imagesin the database.The next stepinvolvessorting of
(N) imagesaccordingto the similarity distance.For quick sortthe orderis of O(NlogN).
Thetime compleity T(n) is representeds, T(n) = O(ND)+ O(NlogN). As the proposed
numberof featuregD=6). HenceD < logN. Thereforel'(n) ~ O(NlogN).

4.4.2 Performancecomparison

There are mary CBIR systemsreportedin the literature, but in most casesthe sys-
tem relies on userdefinedparameters.in seggmentationdependentechniquesthe ac-
curay dependsuponthe numberof classedefinedby the user[51], [43]. As aresult,
it is difficult to judge the performanceof a CBIR systemunlessthe parametersnatch
exactly. So a proposedschemecan be comparedand evaluatedbestwhen the results

are testedover the samedatabase. In orderto prove the efficiency of our the tech-
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Table4.5: Featureevaluationindex

Images(Intrainter) | (FEL)? | (FEL)? | (FEL)? | (FEL)? | (FEI;)? | (FEI)?

(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 the components

Img(iter) | t,(FEL)? | ty (FEL)? | t3(FEL)? | to(FEL)? | t5 (FEIL)? | to(FEI)?
Fig.4.5(1) | 1 x0.64 1 x0.32 1 x0.38 0.1 x 0.2 0.1 x0.2 0.1 x0.2
Fig.4.5(2) | 1 x0.62 1 x0.52 1 x 0.51 0.1 x0.2 0.1 x0.2 0.1 x 0.2
Fig.4.7(1) | 1x0.38 1 x0.12 1 x0.13 1 x0.27 1 x0.29 1 x0.29
Fig.4.7(2) | 1x0.39 1 x0.29 1 x0.11 1x0.34 1 x0.39 1% 0.39
Fig.4.8(1) | 1x0.35 1x0.34 1 x0.37 1x0.24 1 x0.23 1 x0.23
Fig.4.8(2) | 1x048 | 1x038 | 1x057 | 1x041 | 1x0.30 | 1x0.36
Fig.4.12(1)] 1x048 | 1x057 | 1x021 | 1x032 | 1x0.32 | 1x0.32
Fig.4.9(1) | 1x025 | 1x041 | 1x027 | 1x051 | 1x050 | 1x0.50
Fig.4.10(1)| 1 x 0.22 1 x0.32 1 x0.39 1 % 0.36 1 x0.32 1 x0.37
Fig.4.10(2)| 1 x 0.22 1 x0.32 1x0.39 | 0.1x0.36 | 0.1 x0.32 | 0.1 x0.37
Fig.4.11(1)| 1x0.35 1 x0.39 1 x0.31 1 x0.41 1 x0.45 1 x0.44
Fig.4.11(2)] 1x027 | 1x031 | 1x024 | 1x034 | 1x033 | 1x0.34
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Table4.7: Averageprecision% from our algorithm

Catgyory unweightedeatures weightedfeatureqiterationl)

10images| 20img. | 40img. | 10img. | 20img. | 40img.

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: Comparatie evaluationof WeightedaveragePrecision

class Ourmethod| SIMPLIcity | Histogrambased| FIRM
Africa 45 48 .30 A7
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,we benchmarlour resultswith thewell known standardmageretrieval algorithms
namelythe FIRM [51], SIMPLIcity [206] andandcolor histogrammatching[176] using
the samedataset. The online demonstratiorof their methodsare provided at the cite
(http//:www.wang.ist.psu.edu/IMBE). Theresultsarecomparedn termsof (weighted
precision)[206]asdefinedin (4.16). Theweightedaverageof the precisionvalueswithin

k, retrievedimagesarecomputedas,

100

p(i) = 1/(100) Y ~ ny/100 (4.16)

k1=1
k1= 1,.....,100.n,; is the numberof matcheswithin thefirst £; retrievedimages.The
weightedprecisionasobtainedirom eachcategory areshovn in Table.4.8
SIMPLIcity methodhasreportedbetterthancolor histogrammethod.lt is difficult to
obtainsatistctoryresultsfor retrieving from all categoriesusingthe samesetof features.
In mostof the casesthe averageprecisionfor eachcateory can be madebetterthan

SIMPLIcity andFIRM via thefeatureevaluationschemeBetterresultsareobtainedrom
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SIMPLIcity and FIRM, whenthe numberof classmatcheswith the numberof objects.

Theresultsareshowvn in Table.4.8.

4.4.3 Comparisonwith MPEG-7

The proposedfeatureevaluationmethod,basedon users relevancefeedbackhasbeen
testedon MPEG-7 (http://www.chiariglione.og/mpeg) visual featurestandard. MPEG-
7 [137]is anISO/IECstandardyvhich providesa collectionof specific,agreeduponstan-
darddescriptord134], [108] including low level audioor visualfeaturedik e color, tex-
ture,shapeandmotionetc. The color andtexture descriptoroof MPEG-7standard133]
have undegoneextensie evaluationin imageretrieval. The color descriptoronsistof
anumberof histogramdescriptorsa dominantcolor descriptoya color layoutdescriptor
In generalthe descriptorsvere acceptedand definedbasedon detailedstudiesof their
efficiengy (i.e., in termsof descriptorsizeandretrieval accurag). Therearetoo mary
dependentimensionsan genericcolor histogramwhich include choiceof color space,
choiceof quantizationn color space.

Thechoseragreeduponstandardor color descriptororiginatingfrom histogramanaly-
sisarethe scalablecolor 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, whichis constructedn the hue-min-max-diference(HMMD). The dominantcolor
descriptorgivesthedistribution of the salientcolorsin theimage ,wherethe specification
of colorsis limited by the color spacequantization.The Color layoutdescriptor CLD)
captureghespatiallayoutof thedominantcolorsonagrid superimposedntheregion of
interest.Thesedescriptorarecompactandeffective in fastbronvsingandsearchapplica-
tions. In simialrty matchingof histogramghe ( L1 or L2) normsis selectedasit usually
generategoodretrieval accurag. Textures,like colorsis a powerful low-level descriptor
for imagesearchandretrieval applications.Thecommonlychosertexturedescriptorsare

the "texture browsing descriptorsthat characterizeperceptuahttributessuchasdirec-
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tionality, regularity andcoarsenessf a texture. Homogeneousgexture descriptor(HTD)
providesaquantitatve characterizatiomf homogeneoutextureregionsfor similarity re-
trieval. The edgehistogramdescriptorEHD) capturesspatialdistribution of edges.The
distribution of edgesis a good texture signaturewhich is usefulin evaluatingsimilari-
ties betweenmages.The similarity matchingbetweenEHD descriptorscanbe doneby
directly computingL1 normsbetweentwo edgehistogramsThe proposedeaturesval-
uationindex hasbeentestedusingthe CSDandEHD featuresof MPEG-7.The MPEG-7
visualdescriptordhave beendown loadedfrom (http://www.chiariglione.og/mpeay). The
resultsafter relevancefeedbackhasbeenshavn Figs. 4.15- 4.16. The performanceof
featureevaluationhasbeenshonn on eachsetof featuresseparatelynamelyCSD and
EHD. L2 distances usedfor similarity evaluationin the caseof CSDandL1 distances
usedin the caseof EHD. Theresultsof Figs. 4.15- 4.16 could be explainedasfollows.
The resultsare shavn with an example of a bus from SIMPLIcity database.The bus
imagesgenerallyhave distinctobjectof almostregular shapeandin diversebackground.
TheresultsusingCSD of MPEG-7is shown in Fig. 4.15(a). Theresultis quite satistc-
tory from thefirst pass.Improvementof resultafter featureevaluationasobtainedfrom
ourproposedelevancefeedbacknechanisnis shavnin Fig. 4.15(b).Theresultobtained
usingthe samequery thatwith EHD of MPEG-7is shavn in Fig. 4.16(a).Theimprove-
mentof resultsare also obtainedafter updatingthe weightsbasedon featureevaluation
index asshavnin Fig. 4.16(b).In bothof the casegsheimagesof bussessobtainedrom
thefirst passareconsidereasintrasetimagesandtherestasintersetimages.

In orderto testthe robustnesof the proposedCBIR systemwe comparethe overall
performanceof our systemwith MPEG-7 experimentatiorModel (XM) software [136]
which is the framework of all the referencecodescurrentlybeingusedin several CBIR
applications.The software SchemaXMusesMPEG-7visual descriptorsavailablein XM
software,which cansene asatestbedfor evaluationandcomparisorof featuresn CBIR
contet. Thefeaturesof XM commonlyusedas standardvisual contentdescriptorgor

still imagesarelistedin Table.4.9.
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Table4.9: Standardvisualcontentdescriptorof MPEG-7

ColorDescriptors| TextureDescriptors | ShapeDescriptordased

DominantColors EdgeHistogram Region BasedShape

ScalableColor | Homogeneou3exture | ContourBasedShape

Color Layout

Color Structure

Thesefeatureshave beenrigorously testedin the standardizatiorprocess. Schema
provides resultson COREL datasethaving a good coverageof imagesfrom different
classedik e ( beachesbuildings, horsescars,flowers,etc. ) with hundredimagesfrom
eachclass.We have seenthe queryresultsfor all the classesvailablein Schemawhich
utilize the MPEG-7visualdescriptorsThefeaturesusedin SchemaXMarepromisingin
modelinglow level visualsimilarity aswell assemantiaspectsWe provide comparatre
resultson someof the commoncateyorieslike horsesroses beachesandvehicles. The
performanceas comparedor the caseof evaluatingoverall similarity betweenimages.
Thecomparisons madeagainsiverageprecisionP,=(1/n) > r/n. Foraquery system
retrievesr imagesthat belongsto the sameclassC'1 from n retrievedimages.n, is the
numberimagesqueriedfrom category C'1. While computingprecision theimagesfrom
othercateyoriesaretakenasoutliers. Theresultsareshown in Figs. 4.17and4.18. Our
resultscanbe fairly comparedvith MPEG-7 visual descriptorsasseenfrom Figs. 4.17
and4.18. Althoughtheinitial precisionis found betterfor SchemaXMasshaowvn in Fig.

4.17(a)andFig. 4.18(b)but our algorithmfairly catchegheresults.
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Figure4.3: (a) Originalimage(b) edgemapat 1.4 (P) >0.6,0onwhichthehigh curvature

region markedas(*) (c) cornersignature.
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Figure4.4: Retrieved resultsusingset(Al) (a) flower image( Testfor illumination in-

variance.)b) horseimage,usingset(Al). Thetop left imageis thequeryimage.

Figure4.5: Retrievedresultsusingset(B1). (a) Testfor invarianceproperties.(b) After

featureevaluationwith (FEI), thenoisyandblurredimagesareretrieved(iterationl). The

top left imageis thequeryimage.
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() (b)

Figure4.6: Retrievedresults(a) first setof candidatesusingset(B1) (b) usingset(Al).

Thetop left imageis thequeryimage.

(@) (b)

Figure 4.7: Retrieved resultsusing set (B1). (a) After featureevaluationwith (FEI),

(iterationl) (b) (iteration2). Thetop left imageis thequeryimage.
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(@) (b)

Figure4.8: Retrievedresultscombiningbothset(Al) and(B1). (a) Firstsetof candidates
(b) resultsafterfeatureevaluationwith (FEI) onset(B1) (iterationl). Thetop left image

is thequeryimage.

Figure4.9: Retrievedresultsusingset(Al). (a) First setof candidates(b) afterfeature

evaluationwith (FEI), (iterationl). Thetop left imageis the queryimage.
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()

Figure4.10: Retrievedresultsusingset(Al). (a) First setof candidategb) afterfeature

evaluationwith (FEI), (iterationl) (c) (iteration2). Thetopleft imageis thequeryimage.
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Figure4.11: Retrievedresultsusingset(Al). (a) First setof candidategb) afterfeature

evaluationwith (FEI), (iterationl) (c) (iteration2). Thetopleft imageis thequeryimage.
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Figure4.12: Retrievedresultsfrom miscellaneouslatabasezombiningbothset(Al) and
(B1) (a) First setof candidates(b) resultsafterfeatureevaluationwith (FEI) onset(B1)

(iterationl). Thetop left imageis thequeryimage.

(@) (b)

Figure4.13: Retrievedresultsfrom miscellaneouslatabasezombiningbothset(Al) and
(B1). (a) Taking contribution from shapesignatureonly (i.e., w;=w,=w3=0.0) (b) query

resultson anaturalscene Thetop left imageis thequeryimage.
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Figure4.14: Precision Recallcurve of the SIMPLicity database.
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(b)

Figure4.15: The proposedelevancefeedbackschemeon MPEG-7visualdescriptorga)

CSDdescriptorgb) resultsafterfeatureevaluation(iterationl)
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(b)

Figure4.16: The proposedelevancefeedbackschemeon MPEG-7visualdescriptorga)

EHD descriptorgb) resultsafterfeatureevaluation(iterationl)
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Figure4.17: Comparisorwith MPEG-7visualdescriptorga) Cateyory beachegb) Flow-

ers.

4.5 Conclusion

The studiesin this chaptey mainly emphasizeon the featureextraction, featureranking
andfeatureevaluationaspect®f animageretrieval system.The suitability of a proposed
featureset can be bestunderstoodrom its ability to discriminateimagesof different
types.This particularaspechasbeenstudiedfrom, selectingrelevantandnonredundant
featuresusingthe mutualinformationbasedminimum redundang-maximumrelevance
criterion. Sucha rankingschemeon the featuresof a smallerdatabaseonsistingof im-
agesof differentclasse®f imagescanbe usefulfor handlinglarge databaséor improv-
ing theaccurag. Fromdifferentqueryexamplesandclassificatiorresultsusingdifferent
training seton a standarddatabaseit is shavn that a single setof featuresmay not be
suitablefor handlingall typesof queries. The setof featureswhich may be ableto re-
trieve imageshaving arangeof illumination variations,mayfail to retrieve noisyimages.
To overcomesuchlimitations, the featuresare combinedandthe weightsare updatedo
obtaina trade-of betweenfeatureselectionandaccurag, in the caseof retrieving from
anunknown databaseUsingthe selectedeaturesa featureevaluationschemehasbeen

proposedisingusersrelevancefeedbacknechanismTherelatve importanceof thefea-



4 5Conclusion 147

N
0.9 S RN 1 09|

/
P
/

08F *

/
* P
/

07t R 07} *
<

S
g

o6l 4 Sosf e e
g

Average precision
9
!
¢
1
1

:
051 b 051
04f b 0.4
0.3 1 0.3
* MPEG-7 (SchemaxM)
—O— Our algorithm
1 .

. . . . | . . . . | |
5 10 15 20 25 30 35 40 “o 5 10 15 20 25 30 35 40
No. of retrieved images No. of retrieved images

* MPEG-7 (SchemaxM)
—O Our algorithm
L

0.2
0

() (b)

Figure4.18: Comparisowith MPEG-7visualdescriptorga) Category horse(b) vehicles.

turesis evaluatedfrom boththerelevantandirrelevantimagesasindicatedby the users,
andusedfor iteratve improvementof results.The proposednethodis quite effective, in
evaluatingthe featurefrom a smallnumberof feedbackmages.

We intendto testthe effectivenessof the system,using simple featuresinvolving low
computationatost. Invariantmomentscomputedrom the clusterof visually significant
points are usedto representin imagewith minimum numberof points. The proposed
systemcanidentify relevantimagesundegonetransformationdljk e translationyotation,
scaling,illumination changegtc. To reducethe computationa S-typefunction hasbeen
usedwhich reduceghe numberof insignificantedgecandidategor cornertestingused
in the experiment. With sucha choicesomeof the insignificantnoisy pointshave been
reducedputit is notrobustto noisecorruption.Noiseremoval couldbeachiezedthrough
apostprocessin@ndgenerating@nrefinededgemap,asit wasin thecaseof usingtheex-
ponentialfunctiondescribedn Chapter2 Thealgorithmhasbeenmplementedbna SUN
Bladesystemwith a700MHz ProcessorThe CPUtime for computingthefeaturedss on
the averagelO secs. usingMatlah The computationrequiredfor matchingandsorting
theresultsis of theorderof O(NlogN), N is the numberof imagesin the databaseSuch

matchingis independento the numberof classesjn contrastto mostof segmentation
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basedechniqueswhichdependnnumberof classe$51]. Thealgorithmmaybefurther
refinedto make is noisetolerantandat the sametime reducethe computatiortime. The
suitability of the proposedeaturescanbe increasedf the applicationmay be extended
to specificimageslik e logosor facial images,otherthan generalpurposeimagesonly.
We alsotry to introduceothersophisticatedeatureandtestits suitability for MPEG-7in
orderto extendthealgorithmfor videodomainto achiese a bettergoal.

The aim of anideal CBIR systemis to mimic the humanvisual system. However,
the successchiaredis far from the goal. To enhancehe retrieval accurag, betterchar
acterizationof imagesis necessaryOne suchway could be to include moreimportant
featuredik e texture. Fromsemantigoint of view, if we considerthe spatialorganization
amongtheobjectsjn amulti objectscenethenthedescriptionvould be moremeaningful
andexpectedto generatebetterresultsfor CBIR. The propertiesof the coherentregions
andthe spatialrelationsbetweenthe regions may depict, much significantinformation
containedwithin animage. These,requiresuitablesegmentationalgorithmsto extract
propertiedik e, color texture, shapeinformationof individual regions. In the next chap-
ter, we addresghe problemof seggmentingimagesinto homogeneousoloredtextured
regions,with which spatialrelationshipsarecombinedo generatéettercharacterization

of animage.



Chapter 5

Image Retrieval Using Wavelet Based
SegmentedRegionsand their Fuzzy

Spatial Relations

5.1 Intr oduction

This chapterdealswith retrieval of color images,basedon regional properties. An al-
gorithm is proposedio segmentan imageinto fuzzy regions basedon the coeficients
of multiscalewavelet paclet transform. Fuzzy Spatialrelationscomputedbetweenthe
seggmentedregionsare combinedwith the color andtexture propertiesof the segmented
regions,to provide overall characterizatiof animage. Naturalimagesconstitutemo-
saicsof homogeneousegions, wherethe featureslike color, texture and shapeplay a
significantrole in depictingthe salientaspectof animage. Although a wide variety of
approachesf imageretrieval have beensuggestedasedon thesefeatures put the suc-
cessachievedis limited usingthesefeaturesonly. Seriousefforts arebeingmadeby the
researcherdpr developingsuitableimagecharacterizatiomethodswhich arequite ca-
pableof capturingsemantiaetails,dervedfrom imagefeature4206], [51], [203],[117].

A generalway to copeup with this problemis to incorporatespatialrelationsbetweerthe
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regions. Thepropertieof individualregionsif coupledwith spatialrelationshipdetween
them,may generatenorerealisticmatchingbetweertwo images.

In suchan approachsegmentingimagesinto homogeneousegions consideringthe
combinationof color andtextural propertieds essential Segmentatiorbasedechniques
can better handle, querying on particular objectsi.e., finding coherentimage regions
which roughly correspondo objects. For example,suchmethodhasbeenpopularand
usedin the Bloworld system[43]. Queryingin Blobworld, is basedon the attributesof
oneor two regionsof interest,ratherthana descriptionof the entireimage. However, in
seggmentationbasedmethodst is difficult to decidethe numberof classesfor different
imagesof a databaseSpatialrelationshipsarealsodependentn the segmentedegions.
To handlesuchproblemsn the caseof overall matchingbetweerimagesjmageretrieval
schemebasedon visually significantpoints hasbeenexploredin the previous chapter
However, the aim of CBIR researchs to develop betterimagecharacterizatiomethods
which canstill generatebetterresults,closethe humanvisual perceptionsystem.Color
and texture propertiesof individual coherentregions are very important[88]. Also, a
significantaspectbf discriminatingamongimages,dependsn the spatiallocationsand
relationshipof objectsor regions. Looking into thesefacts,we areinterestedo take up
sucha problem. The proposednethodologyhastwo parts. In thefirst part,analgorithm
to sggmentan imageinto fuzzy regionsbasedon the coeficients of multiscalewavelet
paclet transformis proposed. In the secondpart, Fuzzy Topologicalrelationshipsare
computedbetweertheregions. The color andtexture propertiesasindicatedby centroids
andspatialrelationsbetweenthe sggmentedregionsare usedtogetherto provide overall
characterizationf animage.Theclosenesbetweertwo imagesareestimatedrom these
properties.

Segmentationnto homogeneouregionshasbeenmadewith the useof waveletpack-
ets. Sucha choicehasbeenmadebecausewavelet analysisprovidesan effective mul-
tiresolutionrepresentatiorf a signal/imagejn termsof its constituentenegies. It is

capableof capturingthe salientaspectof a data,with a smallsetof co-eficients,which
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spansbothin spatialandfrequeng domains.In the recenttimes, effective characteriza-
tion of region basedproperties have beenmadewith the useof waveletsand provedto
be promising[144], [3], [4]. It hasalsobecomea goodalternatve to Gaborfilters [130].
Significanttextureinformationrequiresover completedecomposition4]. With theuseof
wavelet paclet transform,a tree structuredextensionof the dyadic2-D discretewavelet
transformmay be obtained.Thusa finer andadjustableresolutionat high frequenciess
allowedascomparedo the dyadicwavelettransform.Oneimportantpointis that, mul-
tiresolutionrepresentationacilitate representatiorof dataat differentlevels of detail.
However, not all the basesareequallyimportant. Hencefinding out computationallyef-
ficient optimal basisbasedon the somestatisticalcriteriabecomesmportant[130]. This
problemhasbeentaken careof, by selectingbestbasedor furtherdecompositionbased
onaentropy measure.

Many authorshave also proposedifferentmethodsto quantify spatialrelationsbe-
tweenregions. Someof themarediscussean brief.
Methodologiedo computespatialrelationshipof theobjectshave beenproposedn [66],
[152]. However, the methodsmostly dealwith the geometricattributesof a region like
(area,shapeadjacenyg, surroundednes®tc. ). Methodsusedto computeapproximate
spatialrelationslike left to, above, below, etc. have beenproposedn [102]. A new
histogramrepresentatioalled R-Histogram which extendshistogramof anglesby in-
corporatingboth anglesandlabeleddistancess proposedn [208]. This representation
considersTopologicalspatialrelationsbetweenregion like "inside” , "overlap” for im-
ageretrieval applications.In Visual Seek,[189], color setselectionand back-projection
methodis usedfor automaticextractionof salientcolorregionsfrom theimages.Thespa-
tial locationandsizeareaddedo theregion relationandsubsequentlysedfor queries.
Symbolic descriptionsof segmentedregions have becomepopular wherecomparisons
are basedupon 2-D strings[47], [116]. However, the methodscannotalways accom-
modatesimilarity of the symbols,basedon the visual features.Quadtreesasproposed

in [211], [167] andgraphmatchingmethodsasin [51], [103] areusedfor efficient spatial
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matching.
Fuzzylogic hasalsobeenused,to provide solutionsfor quantitatve representationsf
spatialrelationsandsimilarity matching.
Fuzzysimilarity measurebetweerregionshasbeenintroducedin FIRM [51], wherean
imageis representedby a setof segmentedregions reflectingcolor, texture and shape
properties.Propertiesof all regionsareintegratedby a family of fuzzy features.How-
ever, geometriaelationshipdetweertheregionsarenot considered.
In FIRST, [103] a FuzzyAttributedRelationalGraphs(FARGs) hasbeenusedto repre-
sentimageswhereeachnodein thegraphrepresentanimageregion (e.g.,bluenesssize
andtexturednessandeachedgerepresentarelationbetweerntwo regionswith attributes
(e.g.,spatialrelation, adjaceny, etc.). The givenqueryis cornvertedto a FARG, anda
low-compleity fuzzy graphmatchingalgorithmis usedto comparehe querygraphwith
the FARGsin thedatabase.
An new approachijn which fuzzy interrelationsbetweernthe sgmentedegionsareused
to captureTopologicalspatialrelationsbetweenthe regionsis proposedn [63]. Fuzzy
spatialrelationsare mappedhroughbuilding a matrix, representinghe truth valuesbe-
tween[0,1]. In theproposednethodthematrix is usedto expresshegradualitybetween
the positionalrelationshiponly.

In thenext section thesegmentatioralgorithmandthe SpatialRelationfeatureextrac-
tion procesaisedn the proposednethodologys describedThe Experimentatesultsand

comparatie studiesaremadein section5.3. Thechaptelis concludedn section5.4.

5.2 The Proposedmethodology

The simpletechniqueto identify uniform color texturedregionshasbeenproposedwith
theuseof waveletpaclets. Approximateboundaryregionsarealsoextractedfor detecting
the differenceof texturesin adjacentegions. Fuzzy C- meansalgorithmhasbeenused

for assigningmulticlassmembershipvaluesto eachpixel, and the membershipvalues
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aresubsequentlysedfor approximatesegmentationnto homogeneousegions. Wavelet
paclet frameshave beenused to extractfeaturedor sggmentationandthe bestbasisare
obtainedbasedn entrofy measure.

Themethodologycomprise®f thefollowing stepswhich arementionedelon. Thecen-
troidsof thesegmentedegionsdepictthe color andtextural properties.To provide mean-
ingful characterizatiobetweerthefuzzily partitionedregions,two Topologicalmeasures
namely Index of fuzzines4155] andShapelistancg48] arecomputedetweerthefuzzy
regionsof the sgmentedmage. The performanceof the proposedalgorithmin the case
of retrieving perceptuallysimilar imagesfrom benchmarkdatabasess comparedwith
otherapproachebke, (a) Color, texture histogramsimilarto [151] (b) Gabortexturefea-

tures[121], to prove theefficiency of the proposedscheme.

5.2.1 Multir esolutionAnalysis using wavelet packets

An arbitraryfunction f (z) canberepresentedith linearcombinatiorof asetof wavelets
or basisfunctions. Thesebasisfunctionsare obtainedfrom a single prototypewavelet
calledmotherwaveletby dilations(scale pndtranslations(shift) Wavelettransformation
canbe usedto analyzethe spaceandfrequenyg contentof animage. Mallat, hasshavn
thata signalat ary resolution,canbe decomposedhto a signalat a coarserresolution,
plus the associatedvavelet components.The multiresolutioncharacteristicef wavelet
transformis very attractve to differentimageprocessingndvision applicationg130].

Thediscretenormalizedscalingandwaveletbasisfunctionsfor 2D-DWT aredefined
as[130],

Gi (1) = 21/2R;(2°1 — k)
where: andk arethe dilation andtranslationparameterand h; and g; arerespectrely

(5.1)

thesequencef lowpassandbandpassilters of increasingwvidth indexedby i. (i, k € Z)

a positive setof integers. The full discretewavelet expansionof a signalthatform an
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orthonormabasisfor L?( R?) is givenas,

do
z(l) = Z C(do) (k) Pdo k + Z Z diy (k) Yix (5.2)

kez =1 kez
d;y arethewaveletcoeficientsandc,, arethe expansioncoeficientsof the coarser

signalapproximationz4,). Thecy,) andd;y canbeinterpretedn termsof simplefilter-
ing anddown samplingoperations.The 2-D DWT is computedby applyinga separable
filter bankto theimagewherec;(z, ) correspondso low frequenciegLL), d}(x,y) cor
respondgo the verticalhigh frequencieghorizontaledges|H), d?(z, y) horizontalhigh
frequencies(erticaledgesHL), d?(x, y) the high frequenciesn bothdirections(the cor-
ners,HH). Theimage!(z, y) is representedtseveralscaledy { cd,, d}(z,y) ,n=1,2,3,
i=1,...,dy }. The2D-DWT transformof an2! x 2! imageis representedsasetof shifted
anddilatedwaveletfunctionresultinginto subbandmageseachof size2i=! x 2¢-1,

The standarddyadictransformarenot suitablefor analysisof high frequeny signals
with relatively narrov bandbecausehe subbanddecompositioris appliedon the low
passcomponenplaneof theinputimage. The choiceof wavelet scaleparametewithin
aDWT is 2!, wherei € {0,1,2....}. Suchchoicesarenot suitablefor analysisof high
frequeny signalswith relatively narrov band.
Textureclassificatiorandsegmentatiorrequireafiner frequeng analysis.To obtaineffi-
cienttexture propertiesmultiscaleovercompletgaclet transformis necessaryWavelet
paclkets comprisesall possiblecombinationsof subbanddecompositiorappliedrecur
sively to the lowpassandhigh passfilter resultsof the previous wavelettransformstep.
As aresult,it is possibleto createarbitrary tree structureshat generatevariouscom-
binationsof orthonormalbaseq169]. Betterfrequeng localization,while retainingthe
structureof a discretedecompositiortanbe obtainedhroughwaveletpacket decomposi-
tion.

As an example,a 2-level decompositioron the orthogonalsubspacegeneratedases,
Poig(1), 1= 0,1,2,3p1 11 (=112 (1/2 — k), po,oe()=1146(1/4 — k), po (=114 (1/4 —
k) formsorthogonalkets.
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An appropriatevay to performthe wavelettransformfor texture featureextractionis to
detectthe mostsignificantfrequeng channelsandthendecompos¢hemfurther. In order
to avoid the full decompositionan adaptve decompositioralgorithmusinga maximum
criteria of textural measure®asedon the statisticsextractedfrom eachof the subbands,
canbe usedto identify the mostsignificantsubbands.This enabledo selectthe desired
frequeny subspacesor furtherdecomposition A signalcanbe adaptvely decomposed
usinga selectehasesaccordingto a selectioncondition,basedon e.g.,(enegy, entropy
of the subbands) The significantnodesare computedandthe optimal basisis obtained
basedn entrofy minimizedtree,wherethe entrogy functionis computecbetweera par
entandquadchild. The entropy minimizedtreeforms a nestedsequencef subspaces,
Vi C Vp C ...V,. A detailedmultiresolutionanalysisusingwavelet pacletsis explained
in the Appendix. Theimplementatiorof waveletpaclet transformhasbeenexplainedin
Fig. 5.2.

Thedetailedexplanationof thefeatureextractionprocesss explainedbelow.
Thewaveletpaclet co-eficientsareextractedfrom theindependentolor channelsfrom
whichthelocal spatialfrequeny characteristiceanbe computedo capturetexturechar

acteristics.

5.2.2 Integrating waveletfeaturesfor extraction of colored textures

Featuresxtractedfrom differentfrequeny bandsof wavelet coeficientsare shavn to

be effective for representindexture propertieg4]. An input colorimagecanbe looked
asa 3-D enegy function E(x,y, A) where(x,y) denoteghe spatialco-ordinatesand A

denotesthe wavelengthof light enegy. The local spatialfrequeng characteristicof

E(u,v, \) canbeusedto capturetexture characteristicsThe propertiescanbe combined
in thewaveletdomainby convolution with a waveletfilter in the spatialdomainwith the
independentolorchannelg88]. Thebuilding block of featureextractionis shavnin Fig.

5.1.
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~

M (u,v,\) = h(u,v) */E(u,v, A)dA (5.3)

Thefilter bank h(u, v) is a setof bandpassfilters with frequeng selectve proper
ties. The original imageis availablein RGB format. The RGB valuesencodethe color
information. Eachof theindividual componentaretransformedseparatelyo obtainthe

waveletpaclet coeficients.

5.2.3 Multir esolutionfeature extraction

In orderto selectthe basesadaptvely, entrofy of eachsubbabndlecompositiorof the
waveletpaclet treeis evaluated. The nodesmarked asthe part of bestbasisaredecom-
posedfurther. As a result,specifictreescanbe createdby only splitting eachsubband
accordingto a definedsplitting condition.

The bestbasisare selectedon computationof entrogy of the subbandslIf E; is the
entropy of aparticularnode, 5 the sumof entrogy of thechildren,of thenode.F;, < E,
thenthe nodesaremarked asthe part of bestbasisset. The entroy hereis the Shannon
entropy. Theanalysiss performeduptosecondevel of decompositiorandthis resultsin
asetof waveletpaclet bases.

Having obtainedthe entrofy minimizedtree, multiresolutionanalysisis performedcon-
sideringthe spatialsimilaritiesacrosssubbandsin generaltherearespatialsimilarities
acrosssubband$169]. Thepixelsin eachsubbandarelinkedto the pixelsof theadjacent
subbanditthe next lower level. Eachpixel (z, y) from theformersetof subbandsctsas
therootof pixels (2z, 2y) , (2o + 1, 2y), 22,2y + 1), 2z + 1,2y + 1). Fora(n) level
decompositiorthe samerule links the pixels of theadjacensubbandstartingfrom LHn,
HLn, HHn, respectiely. The selectecbases),, areinterpolatedby factor(n), to ensure
theidentity to thesamplingspacesThis generatea transformsuchthat,every subbands
having the samenumberof coeficientsasthe numberof samplesn theoriginal signal. It
alsoleadsto anovercompletaepresentationThis approachs computationallyeffective

andalsohelpsin reducingblockynessarisingin caseof the block basednethodsandthe
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Figure5.1: Building block of featureextraction.
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costinvolvedin pixel wise segmentation.The local featuresof thefilter output(wavelet
domain)aroundeach(x,y)th pixel is estimatedrom the selecteases.

One of the simplestapproachesor describingtexture is to usemoments(e.g. mo-
mentsof graylevel histogram)of animageor region. The secondnoment(variance) is
of particularinterestin texturedescription{75], which canbeusedto establistdescriptors
of relatve smoothnessThethird momentis a measuref the skewnessof the histogram,
while the fourth momentis a measureof relative flatness. The momentsof the wavelet
coeficient of variousfrequeng bandshave alsoproven effective for discriminatingtex-
tures[201].

In the presentapproachmomentshave beencomputedon a local window, around
eachpixel, from eachof the RGB channel,which are clusteredby applying the fuzzy
C-meanslgorithmto obtainthefuzzy partitions.To obtainthe momentsa Daubechies-4
wavelet transformis applied. Around the (x,y) pixels of a certainsubbanda W x W
window is centered.The raw momentsm00, m10, m01, m20,m02, 11 arecomputed.
Fromwhich the centralizednoments:20, 02, 411 arecomputedon eachwindow, [75].
Thedetailedcomputatiorof momentshasalreadybeendiscussedn chapter.

Thesefeaturesgeneratedjuite satishctory segmentedresults, whentestedupondif-
ferenttype of colorimages.

For a color input image, the momentscomputedalong the individual channelsare
representeds,and F; A =[120, 102, 11] Thefeaturecomputedalongthethreechannels

areconsideredslinearlyindependenandrepresenteds,

Fk(%y) = ZFk/\ (5.4)

The sggmentationobtainedwith the momentsare shown in Figs. 5.3(b), 5.4(b), 5.5(b),
5.6(b).

Apart from 120, 02, 11, the varianceof the coeficientsof selectedhe window is
computedfrom the (R) plane. By classifyingthesefeatureswe approximatelyseggment
theboundariebetweerthe homogeneougsegion asshavn in Figs. 5.3(c),5.4(c),5.7(b),

5.8(c). Thefeatureusedto obtainthe boundariesrerepresenteth (5.5).
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Fi(z,y)var = (Z Zwk(:c,y) — Fy(z,9))? (5.5)

wherefF}.(z,y) is thelocalmeanandwy (z, y) is the coeficientsat differentscalest. The

size of the window is animportantparameter Accuratetexture measuremendemands
larger window size andbetterlocalizationof region boundariegequiresmallerwindow

size.A 5 x 5 window hasbeenselectedor the proposedeatureextraction.

The extractedfeaturesare integratedin the featurespaceto produceapproximatesey-

mentationinto homogeneousegions. The featuresneedto be clusteredinto different
categories.

We have usedthe standarduzzy C- meansalgorithm[28] for patternclassification.Let

X= {1, xq, ..,xy} be afinite subsetof n dimensionalvector spaceR™ wherex; is a

featurevectorfor a pixel in theimage. For anintegerC,2 < C' < N. A C' x N matrix

U=[u;] is calledthefuzzy C partitionof X wheneertheentriesU satisfieghefollowing

conditions.u;; € [0, 1] for all ; andj, u;; is thedegreeof membershiwf z; in thecluster

5, 32wy =1forall jando < 32N w;; < N for all 4.

5.2.4 Attrib utesof fuzzy setson segmentedmage

Index of fuzziness From fuzzy C-meanstlusteringof Fj(z,y), orFy(z, y)var afuzzy
partition matrix U of size C' by N is obtained,whereC' is numberof clustersand N
is numberof datapoints. The featurevector usually belongsto multiple regions with
differentdegreesof membershipsisopposedo classicalregion representatiom which
thefeaturevectorbelonggo exactly oneregion. Themeasuref fuzzinesdbetweerthe C
fuzzy partitionsof X, asobtainedfrom the fuzzy C' meansclusteringis consideredLet
thefuzzy partitions(u., us, .. uc) on X bedefinedby the setof C' menbershigunctions,
pu;(z) forallz € X andj =1, 2, ...C. Theintersectiorbetweertwo fuzzy partitionsu,,
andu; , (m # 7 ) from the C collectionsis definedfrom [155] andgivesthe measureof

Index of Fuzziness.
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Ty ) = g S lminya o). )] (5.6)

zeX

where| X' | denoteghecardinalityi.e., the numberof supportelementsn | X|.
Computatiorof thefuzzy SpatialRelationpropertiesareexplainedasfollows :
Shapedistance: The pixels of the fuzzy partition are assignedlistinct classlabel for
which the memberships maximum. As a result,we obtainthe segmentedmage. Each
seggmentedegion canbelookeduponaboundeduzzy setwherethe memberships zero
outsidetheregion. We considetheshaperopertieof thefuzzyregionsof thesegmented
image,asproposedn [48],

If u(x,y) isthemembershipf thefuzzy sety atthepoint(z, y) in R?. Thecenterof

_Joau(z.y)ds

gravity of p is the point (zy, yo) Wherex =5 andyg :L?’%ﬂg’;’)d& whereA(S) =

[, u(zx,y)ds. Thedissimilarity betweertwo fuzzy setsu andw is definedas,

Di(u,v) = /|u —v|ds (5.7)

A fuzzy setv is arotationof afuzzy setu, if thereexits ananglea € [0, 2r| sothat

ary pointv mayberepresenteds,
v(z,y) = u(zrcosa — ysina, rsina + ycosa) (5.8)

The shapedistancebetweentwo fuzzy setsu andv ( hereu andv correspondgo

individual segmentedegions)aredefinedas,

D3 = mzn[Dl (u7 Ua17a2)7 D, (U, Ua17a2+7r)} (59)

whereal anda?2 arethe orientationsdefinedasthe anglesthat the major axis of v and
v make with the z axis. D;(u,v,) is the dissimilarity with respectto rotation of v by
anglea. The majorandminor axesare perpendiculato eachotherandpasseshrough
the centerof gravity. D; is the smallerof the D, valuesin thesetwo orientations.The

orientationd of afuzzy setcanbe obtainedirom therelationasfollows,
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2 [[(x — 20)(y — yo)ul, y) ds
S (&= w0)2u(z.y)ds — [ (y — yo)2u(z, y)ds
It canbe provedthat D5 is a metric. This metric canbe usedin patternrecognitionand

tan20 = (5.10)

matchingproblemsin afuzzy framewvork. We have not consideredherelationslik e left

to, above, etc. asthe sggmentedegionsmaynot representheimageat objectlevels.

Feature Representation : Thefeaturerepresentatioof the segmentedmagecanbe
lookedasa collectionof featureq F1, Fs, ...F] representinghevarianceof thecentroids
whereC representthenumberof classesTheindex of fuzziness,,,; for m # j between
ary two partitionsof the C' separableclassesare considered. Also the shapedistance
Smime2 betweerary two segmenteduzzy regions(ml, m2) arecomputedo generatehe
effective characterizatiof animage. In orderto computefeaturesimilaritiesbetween
two images Euclideandistancametricis usedto computethedissimilarityvaluebetween
the centroids.If X = [z1, 29, -+, 2;] andY = [y;, s, -, y;| aretwo featurevectors

thenthe EuclideandistancemetricbetweenX,Y is givenby,

Eq = Z(flfz — ¥i)? (5.11)

Similarity Evaluation : The intuitive similarity betweentwo regionsare computed
from shapedistance. The rankis computedasfollows. The similarity is performedon
eachtypeof featureseparatelyFinally therankobtainedrom eachindividual setof fea-
turesarecombinedo getthefinal result. Therank obtainedirom matchingthe centroids
andindex of fuzzinesdeaturesaredecidedoy measuringeuclideandistancebetweerthe

featuresof the queryandthetargetimages.Thetotal similarity is calculatedasfollows :

n

dg = Z(Ttk)/n (5.12)

k=1



5.3 Experimental steps 162

INPUT
|
| | | |
Hy H, His i=0
b=0 b=1 b=2 b=3

| MODULEAE | MODULEAE | MODULEA ! MODULE A i=1
' b=0-3 | [ b=47 | b=811 | b=1215 |
L Tl T IlTr

T N N T T
MODULE A MODULE A MODULE A MODULEA j= 2
b =0-63 b =64-127 b=128-191 b =192-255

= C

Figure5.2: Generalreestructureof discretewaveletpaclet frame(M) banddecomposi-

tion. Down samplingby a factorof 2 is requiredfor standardvaveletpaclets.

whered,; is the similarity distanceof the queryimagegq to imaget. n is thetotal number

of featuresr;, is therankof theimaget in featurek.

5.3 Experimental steps

We testour algorithmon a databaseonsistingof 1000imageswith 100imagesfrom ten
differentcategoriesdown loadedhttp://wang.ist.psu.edu/docs/related@he experimental
resultsareshavn from Figs. 5.3to Fig. 5.13. The numberof distinctregionsin natural
imagesvary and alsodependuponthe individual perception. The sggmentatiornresults
greatlydependuponthe numberof specifiedclassesWe grosslypartitiontheimageinto
threemeaningfulclassedo analyzethe region attributesand spatialrelationsbetween
theseregions. Fixing the numberof classesanay not effectively partition all database
imagesatindividualobjectlevel. It is expectedhatsimilar partitionswill begeneratedor
imageswith similar semanticgor usein computingoverallimageto imagesimilarity. If
the segmentatiorbecomediner, the uncertaintyin characterizinghe perceptuatontents

increaseglue to detailedclassificationswithin regions. This may degradethe overall
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impressiorof the objectnature.

The sggmentatiorresultsareshovn from Figs. 5.3to Fig. 5.8. Theimageshavn as
Fig. 5.3(b)is thesegmentedutputof Fig.5.3(a)into threeregions. Individual regionsare
characterizewvith differentgrayvalues.Fig.5.3(c)is thesegmentedutputwhich broadly
classifieshe boundarybetweenthe regionsusingthe featuresobtainedfrom (5.5). The
regionsboundariesreassigned commonclasslabel( plottedasdarkboundarypixels).
Thesegmentedutputof Fig. 5.4(a)is shavnin Fig. 5.4(b)usingthecentralizednoments
120, 02, p11, asexplainedin Section5.2.3. The classifiedregionsboundarieglotted
asdark pixelsareshownn in Fig. 5.4(c). Similarly the segmentedoutputfor Fig. 5.5(a)
is shavn in Fig. 5.5(b)with numberof classesqualto three. The segmentedoutputof
Fig. 5.6(a)with the numberof classequalto threeis shavn in Fig. 5.6(b). In this case
with the assignechumberclassequalto three,theregionsarenot ableto representhe
individual objects.Howevertheinterrelationcomputedetweertheregions,may capture
discriminatinginformationfor imagesof similar type. Theregion boundariegsobtained
from classificatiorof theimageof Fig. 5.7(a)with threenumberof classesareshowvn in
Fig. 5.7(b). Theseggmentatiorresultsasshovn in Fig. 5.8(b),(c) for Fig. 5.8(a)arequite
satishctoryin classifyingthe imagesinto the assignedegions. By intelligent selection
of the basis,the numberof featureshave beenreducedor the desiredsegmentation.in
our problem,the descriptionof the entireimageis usedin queryingratherthantaking
the attribute of individual regions. We have taken queryexamplesfrom all cateyoriesof
imagesandtestedthe performancewith the proposedeatures. We try two explain the
resultsobtainedon imageswith somedistinctive properties.The queryimagein the case
of Fig. 5.9is of ahorsein greenbackground.Fig. 5.9(a)representhe resultsobtained
by matchingthe centroidsof the segmentedegions(threeregions).Fig. 5.9(b)shavsthe
resultsafter taking into the accountthe spatialrelationfeatures.As obsenedfrom Fig.
5.9(b), the resultsdid not improve significantly This may be explainedasfollows. In
this case the objectof interestis horsewhich may or maynotbein similar background.

As the color andtexture propertiesof significantregionsarequite similar, the properties
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(color andtexture) extractedfrom the significantregionssenesquite satishctorily to re-
trieve imagesfrom the samecateyory. Here,theintersectiorbetweerthefuzzy partitions
couldnotreflectdiscriminatingspatialpropertiesbecauseheregionsarenot alwaysrep-
resentingheindividual objects.
The queryasshawvn in Fig. 5.10is of flower. The retrieval resultsasobtainedconsid-
ering the centroidsare shavn in Fig. 5.10(a)andthe resultsobtainedafter considering
the spatialpropertiesare shovn in Fig. 5.10(b). An improvementof resultis obtained,
asseenfrom Fig. 5.10(b). In suchcasesshapeplaysanimportantrole alongwith color
andtexture. As aresult,the spatialrelationshipbetweerthe regionsarealsoexpectedto
play a distinctive featurein this case asthe segmentedegionsfairly describeglifferent
objects.
Imagesin Fig. 5.11(a)areconstitutingof a significantobjectwith somebackgroundb-
ject. The main objectalmostoccupiesthe major portion of the scene. We have tested
theresultsconsideringhe featureqcentroids) andothertwo spatialfeaturesseparately
Thecombinedresultis shavnin Fig. 5.11(a)with thetop left imageasasthequery The
resultsobtainedfrom the combinedfeaturesouter performedthe the individual feature
retrieval. Intuitively the shapeof the objectitself is more meaningfulthanthe color or
textureinformationin the example.For the queryexamplein Fig. 5.12(a) boththe back-
groundandobjectareimportant. The objectregion hasquiteacommoncolor andtexture.
The centroidfeatureswhich carry the region attributesin termsof color andtexture pro-
vide a betterindex thanthe shapedistance. In this case,the color andtexture contain
mostof the usefulinformation. Combiningshapedistancedid not make significantdif-
ferenceto thequeryresults.Theretrieval resultsasshavnin Fig. 5.12(b)is obtainedoy a
gueryingwith adinosaur As theimagesaremuchsimplerwith almostregular shapeand
backgroundthe combinedfeatureqcolor, texture andspatialrelations)performshighly
satishctorily in suchcases.

In orderto allow comparisorbetweendifferentretrieval featureswe presentarecall

precisiongraph,computedrom differentnumberf returnimages.Thesystenretrieves
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r imageghatbelonggo thesameclassC'1 asthequery(r < n). Thereare N.; imagesn

the classC'1 of thequery Then P=r/n is the precisionand R = r/N,; therecallfor this

guery With eachtestsetimageasthequery theaverageprecisionandrecallfor individual

featureretrieval is showvn in the Fig. 5.13(a). We found that the similarity asobtained
from index of fuzzinessaloneis not satishctory Intuitively this featuremeasureghe
fuzzinessn clusteringandindirectly captureglissimilaritybetweertheregions. However

the combinedresultsimprovesthe precision.

The propertiesextractedsegmentedregionsplay animportantrole in characterizinghe
color andtexture contentsof differentregionsfrom animage. As the robustnessof the
proposedalgorithmis testedin the caseof computingoverall closenesfetweenmages,
we compareour resultswhich alsoevaluateimageto imagesimilaritiesmostly basedon

the featuredik e color andtexture. We benchmarkour resultswith retrieval algorithms
usingglobal color texture histogramsasusedin [151]. Coloris representedisinga 2D

histogramover the HS coordinatesof the HSV space. Texture is representedy two

histogramgcoarsenesanddirectionality),of theimage.Thesimilarity distancebetween
two color histogramss computedoy histogramintersection.The similarity betweentwo

texturesof the wholeimageis determinedoy a weightedsumof the Euclideandistance.
We alsoprovide a comparisonn retrieval resultswith Gaborfeaturescomputedaround
randomlyselectegboints. Wetestedheresultan almostall cateyoriesof imagesasshown

in Fig. 5.13(b).Histogramgave satisfictoryresultsfor imagesobjectshaving significant
objectswith quite acommoncolor andtexture. In caseof generalscenesur algorithm
generatedbetterresults.This provesthatthe proposedeatureapturesadditionalspatial

informationof the segmentedegions.

5.4 Conclusion

In this work, a segmentationalgorithmhasbeendevelopedusingwavelet paclet based

featuresandthe fuzzy C- meansstatisticalclusteringalgorithm. The color andtexture
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(b) (c)

Figure5.3: (a) Original image (b) segmentedoutput (3 regions) (c) segmentedoutput

(with 3 region boundariesassigneg commonblacklabel)

(@) (b) (c)

Figure5.4: (a) Original image (b) segmentedoutput (3 regions) (c) segmentedoutput

(with 3 region boundariesassigned commonblacklabel)

(@) (b)

Figure5.5: (a) Originalimage(b) segmentedutput(3 regions)
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(a) (b)

Figure5.7: (a) Originalimage(b) segmentecbutput(with 3 region boundariesssignea

commonblacklabel)

Figure5.8: (a) Original image (b) segmentedoutput (5 regions) (c) segmentedoutput

(with 5 region boundariesassigneg commonblacklabel)
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(@) (b)

Figure5.9: (a) Retrieval results.(a) Colorandtextural propertieonly (b) aftercombining

FuzzySpatialRelations.With top left imageasthe queryimage

(a) (b)

Figure5.10: (a) Retrieval results.(a) Color andtextural propertiesonly (b) aftercombin-

ing FuzzySpatialRelations.With top left imageasthe queryimage
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(@) (b)

Figure5.11: (a) Retrieval results.(a) Color andtextural propertiesonly (b) aftercombin-

ing FuzzySpatialRelations.With top left imageasthe queryimage

JLAE N
10 A A

() (b)

Figure5.12: Retrieval results,combiningcolor, textureandSpatialRelationproperties.
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Figure5.13: (a) Recall,Precisioncurve from resultswith individual featuregb) compar

ative results

propertief thefuzzyregionsareunifiedwith thetopologicalfeatureswhichis effective
in capturingspatialrelationbetweerthe regions. In the proposedapproachgueryingis

basedon usingthe descriptionof the entireimageratherthanon the attributesof oneor

two regions of interest. The spatialrelation featuresmay be more effective if the seg-

mentedregions grossly partitionsan image into its individual objects. However, it is

difficult to decidethe numberof classedor all imageswithin the database.With the
increasdan numberof classesgrucial detailsof differentregion may be obtained which

will reducetheimportanceof the spatialrelationfeatures Suchachoicemaynotbemuch
helpfulin caseof evaluatingoverall similarity betweernimages.

In the presentase the numberof classesisedto sggmentanimageis setequalto three.
Thischoicehasbeenmadeasacompromiséetweercomputationatime requiredandac-
curagy. We computedheretrieval time for everyimagein the databasasthequery The
proposedapproachwas foundto requirean averageCPU time of 0.3 secsfor retrieval.

The averagetime requiredfor featureextractionis 30secs.The retrieval time primarily

dependsiponthe size of the image,the software andthe hardware versionsthe system
runson, sizeof thefeaturevectorandthe similarity measuraised. The time compleity

involved for matchingandsorting7’(n) ~ O(NlogN) in the presentcase. Theimple-
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mentatiorsoftwareincludesMatlabcodesn a SUN Bladesystem.Theaspecbdf reducing
computationatime hasto betakencareof in future,to make large-scaleetrieval feasible
in highdimensionafeaturespace.

Thefeaturesproposedo describethe region boundariesave not yet beenincorporated
for imageretrieval applications Betterexperimentsnaybe performedusingthesebound-
ary basedeaturesn associatiorwith otherspatialrelationshipfeatures]ik e relative po-
sitionsbetweerregions. Otherinterestingextensionof the work could beto incorporate
suitableweightingfactorsin orderevaluateimportanceof individual regions,for enhanc-
ing the retrieval accuray. Theseextensionsmay provide suitablefuture directionsfor

research.



Chapter 6

Conclusionsand Scopefor Further

Reseach

6.1 Discussionsand conclusions:

The presentthesishasdemonstratedhe effectivenessof somenewly proposedfeature
extractionmethodsanda featureevaluationmechanisnfor imageretrieval applications.
We have tried to framethe problemsin soft decisionmakingparadigmbecausét plays
animportantrole in handlingvariousforms of uncertaintiedik e, in datacharacteristics,
similarity evaluationsyelevancefeedbackandotherstagesf a CBIR system.In the pro-
cessof designingCBIR systemsfour differentproblemshave beenconsidered.These
are(i) Fuzzyedgebasedeatureextractionfor imageretrieval. (i) Extractionof visually
significantpointsincluding the cornerpoints by usingfuzzy settheoreticapproachand
a classificationbasedapproachusing SupportVector Machines. (iii) Retrieval of color
imagesusing featuresaroundthe extractedvisually significantpoints,alongwith fuzzy
featureevaluationmechanisnirom relevancefeedbackfo enhanceéheretrieval accurag.
(iv) An imageretrieval schemeusingwaveletbasedcolor andtexturedpropertiesof re-
gionscombinedwith fuzzy spatialrelations,to facilitatea betterimageretrieval scheme

hasbeenproposed.
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To increasdaherobustnesof animageretrieval system nvariantfeaturesareneeded It
is desirablethatthe featuresusedfor characterizinganimageshouldbe invariantto sev-
eraltransformationsik e rotation,translation scale partialocclusionsandalsotolerantto
noisecorruption. Theseproblemshave beenextensvely studiedby differentresearchers
in the field of imageprocessingand computervision applications.In the currentthesis,
we have taken careof someof theseaspectsn designingthe CBIR systems.We have
addressedhe problemof featureextraction processvhenthe inputimageshave under
goneimagingdefectdik e,overexposedor underaposedighting conditions blurringand
noisecorruption.

In thefirst part of our investigation,we have testedour algorithmon gray level im-
ages.Thestudyin chapter2, involvesfeatureextractionbasedon fuzzy edgedetection.
Topologicalfeaturenamely fuzzy compactnessomputedfrom the edgemap,is invari-
antto rotationtranslationandscalingby definition. Theinvariancepropertieshave been
illustratedwith examples. It is found that, the fuzzy edgemap generatedat different
thresholdeglanesarequiterich in capturingsignificantinformationof differentobjects
within animage.No prior region sggmentatioris necessaryor evaluatingoverall simial-
rty betweenmagesn thedatabase.

The performanceof animageretrieval processdependn the kind of featuresandtheir
representatioscheme Whentherearelarge numberof imagesin a databaseparameter
andthresholdselectionbecomeanimportanttask. This particularproblemis handledin
the following way. The edgepointsareassignednembershipraluesbasedon the local
contrastcomputedrom differencen grayvaluesover entirerange( 0 to 255) for anim-
age.Theselectecedgepointsarecateyorizedasstrong,mediumandweak,basedn their
respectre membershipsalues. A judicious choiceof thresholdcan be madefollowing
the criteria. Using a thresholdat highera — cut planessay(0.9), the pixels with higher
contrastmembershipvaluesare extractedwhich are termedas strongboundarypixels.
Similarly, selectinghresholdvalueof (0.7),theedgemapwill extractmediumandstrong

typepixels. Settingathresholdvaluelessthan(0.5) will selectspuriousnoiseedgesalong
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with significantedgepoints,which mayreducetheaccurag of retrieval.

In the proposednethod threefixed thresholdvalueshave beenusedfor detectingedges
for all imagesin the databaseA key aspecif the proposedechniques thatlocal gray
level contrastinformationis alsoembeddedvith shapeinformation. It is evidentfrom
theresultsthatthealgorithmcanproducefairly satishctoryresultsfor all typesof images
usingthe properly selectedvalues. In termsof computationacomplexity the proposed
methodis lower thanstandarcedgedetectiormethoddik e Canry’s[40] edgedetector In
theproposedalgorithm theparamete(k,), whichdetermineshedegreeof connectedness
betweenthe adjacentdgepoints, dependsiponthe choiceof window size. A suitable
choiceof local window size,from which the value of k; is determineds important. A
tradeoff betweerthe computatiortime andaccuray is desirable Althoughestimatiorof
uqa(P) involvesmorecomputationatime it helpsin generatinga refinededgemapwhich
is more noisetolerant. The comparisorof retrieval performancedetweenthe systems
thatusesFourierdescriptorusedwith Canry’s edgedetectorasfeatureandthe algorithm
thatusesthe above proposedeaturesgstablisheshat our featuresoffer betterresultsin
mostof the situations.In our methodbettercharacterizatiomf imagesmay be obtained
by virtue of matchingedgemapsat differentthresholdingevelswhich carry contrastn-
formationalso. The proposedalgorithmmay alsobe usedfor ary imageprocessindgask
whereextractionof edgemapsis requiredfor alarge setof images.

Thereare several otheraspectavhich have not beenexploredin the presentstudylike,
retrieval of similar imagesunderdifferentilluminations. Also if animagecontainsmul-
tiple objects,the featuredescriptoralthoughhaving the invarianceproperties(rotation,
translationand scale)can give a generaldescriptionof the entireimage. Suchfeatures
canbe usedto getan acceptableesultfor evaluatingoverall similarity betweenmages
having multiple objectsandalsosingleobjectimage.To utilize shapdeatureseffectively,
informationregardingdeformationandocclusionof objectis required.The performance
of the fuzzy edgeextraction schemeamnay be enhancedo get betterrepresentationif it

is combinedwith other propertieswhich may include projective invariancealong with



6.1 Discussionsand conclusions:; 175

rotational translationabndscaleinvariancefor challengingapplicationsof objectrecog-
nition.

In chapter3, the problemof extractingvisually significantpoints,suchasthe corner
points and points where considerableehangein curnvatureoccurs,hasbeenconsidered
with the fuzzy edgemapasinput. Local informationis computedrom the extractedvi-
sually significantpoints. The information obtainedfrom the visually significantpoints
areusedto generatesubtlediscriminationbetweenimages. We areinterestedn sucha
proceduréecausehe cornerpointsandthe pointsnearaboutto it, holdsagreatpotential
in generatingperceptuallysignificantinformation. Thesepointshave a wide rangeof ap-
plicationin the areaof imageretrieval, computervision with an additionaladvantageof
reducingthe searchspace.

A fuzzyrule basedapproachs usedto extractclusterof point set,wheregoodchangeof
curnvatureoccursalongwith thetrue cornerpoints(very high curvature). Thealgorithmis
testedon a large numberof images.To emphasizéts reallife applicationsthe problems
of extractingfeaturesunderdifferentilluminationsandblurring conditionsarealsostud-
ied. Althoughthe problemof handlinguncertaintiehave beenaddressedh [61], [112],
but the problemsof handlingimageaunderdifferentimagingconditionsandalsotheprob-
lem of selectingdifferenttuning parameterfiave not beenaddressedCornerdetection
is considered@sanimportantproblemin ComputeVision over morethandecadesAlso
thereare quite a of numberof cornerdetectionmethodsreportedin the literatureasal-
ready mentionedin chapter3. One main point to be notedis that, the performanceof
the detectorsaaredependenbn severaltuning parametersSelectionof right parameters,
suitablefor particularimageis extremelyimportant. Automatic selectionof threshold
parametersre thereforenecessaryo enhancethe accurag of featureextraction. The
proposedalgorithmtakes careof this problem. Selectionof threshold,above which the
candidateedgepoints are selectedor testingcornerlike propertiesis madefrom pixel
contrasthistogram. It is showvn thatalgorithmperformsfairly well undervarying imag-

ing conditions,resultinginto blurred, overexposedand undergposedimages. Results
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arealsotestedon binary images,which hasbeenchangedo gray scalewith the effect
of smoothingrequiredin the preprocessingtepof generatinghe fuzzy edgemap. One
adwantageof themethodologyis that,the minimumandthe maximumpixel contrastatio
asobtainedrom eachimagedetermineshedynamicrangebetweerthefeetandshoulder
point, which mapsthe membershipraluesbetween0 to 1. Thisincreaseshe flexibility
of thealgorithmfor handlingwide variety of images.

We have alsocomparedheresultsof the proposedalgorithmwith thatof standardench-
mark cornerdetectorof Harris[84] and SUSAN [190] cornerdetector The compleity
involved in the proposedmethodis alsoanalyzedwhich shows that althoughthe pro-
posedalgorithmis not computationallysuperior but the resultsare quite satistctoryin
termsof accurag in locationof the cornerpointsandhandlingimprecisenesf image
data.

A moredetailedstudyis necessaryo exploit anautomatiahresholdselectiorscheme,
which we believe will resultinto a more usefulandflexible cornerdetectionalgorithm.
In the presentwork, the problemof featureextractionfrom noisy imageshave not been
addresse(th details. Although, throughselectionof anexponentialfunctionandby esti-
matingdegreeof connectednessis possibleto make the edgedetectionalgorithmmore
noisetolerantbut suchprocessingnvolved more computationatime. The problemof
handlingnoisy images,in the context of properchoiceof membershigunction canbe
exploredfurtherin future works.

As afurtherextensionof thiswork we have madea preliminaryinvestigationusingSVM
classifierto speedup the processandto tacklethethresholdselectionproblem. This was
donefrom investigationof learningtoolsto classifythe edgepointsandextract distinc-
tive information. Someinterestingobsenationsof this studywas notedby considering
the edgemapasinput, thatthe supportpointscorrespondo representatie corners.This
problemis expectedo have interestingextensionasfuture works.

In chapterd, retrieval of color imagesusingthe visually significantpointsis demon-

strated.Severalmethodologiesreproposedn theliterature for effectiveimageretrieval.
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However, mostof thetechniquesnvolve imagesegmentatiorinto homogeneoueegions,
wherethe individual regions grosslyrepresentin image at differentobjectlevels. The
adwantage®of suchmethodsarethat, spatialrelationscanbe computedf thetheimages
having multiple objects. With suchcharacterizationt is also possiblefor a systemto
handlesubqueries.Suchrepresentatioalthoughrobustbut needgo handlecertainprob-
lems,becausef difficultiesto estimatethe numberof classesequiredfor segmentation
of eachimagein anunknowvn databaseTo tacklesuchproblemsanalternatve approachs
popular in which featuredrom visually significantportionsareusedfor effective image
characterizatiofil21], [141]. In the proposedmagerepresentatioschemetheextracted
clusterof points,which representhefuzzy cornerpointsareusedascandidategor com-
putationof features Along with thesefeaturessomeglobalmeasurementsave alsobeen
computedas componenfeatures. Selectionof optimal setof featuresis donefrom the
view point of featurerankingbasedon non-redundantnutualinformationcriteria. It has
alsobeenshavn that the global information when combinedwith information derived
form visually significantpoints(local), cancapturebetterinformationfor characterizing
animage.This setof featuresareusedto retrieve images.

We have alsoaddressetheissueof determiningsuitableweightingfactorsto beused
for variousfeaturedor obtainingbetterretrieval accurag. To tacklesuchproblemafuzzy
relevancefeedbacknethodis proposedTheimportanceof eachselecteccomponentea-
ture is evaluatedfrom fuzzy featureevaluationindex, computedfrom both the relevant
andirrelevantsetof images. The invariancepropertiesunderrotation, translation,vary-
ing illumination, etc. areshovn with variousexamples.It hasbeenshown that, it is not
possibleto achieve satishictoryresultsfor all type of queriesusinga fixed setof features.
Theresultsarecomparedvith somepopularmethoddike FIRM [51], SIMPLIcity [206]
which alsocomputeoverall similarity betweenmagesusingthe samedatabaseConsid-
erablesuccessanbe achiezed usingour method,which is shovn from the comparatie
results.To testthe robustnes®f the proposednethodologywe, have alsocomparedur

retrieval results,with that of the visual featuresrecommendedor MPEG-7 standards.
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Comparatre resultsso obtainedfor someof the commoncateyoriesof imagesare quite

encouragingTo obtainfurtherimprovedresults,a detailedinvestigationof the proposed
featureweighingschemas necessaryT hismayprovide bettercompatibilitywith MPEG-

7 featurestandardsothatthe algorithmmay be extendedfor video domainto achieve a

bettercomparablejuality.

Oneof the importantproblemsin imageretrieval is that the searchingorocesdor each
guerybecomesomputationallyexpensve whentherearelarge numberof imagesin the

database A propersolutionto overcomesuchaproblemis achallengingssue.A suitable
indexing methodmaybe helpful, whereby searchingverarange mayreducethesearch
space . Severalmethodologiehave beenproposedisingdifferentmachineearningtools

like, Neural networks, SupportVector machinegSVM) to classify imagesat different
levels of semanticcateyories. The algorithmsproposedn FIRM and SIMPLIcity have

alsotaken careof this points. Our proposedalgorithmmay be extendedo obtaina better
representatioschemeby consideringa similar strateyy.

In chaptel5, waveletbasedegion basedropertiesareusedin conjunctionwith fuzzy
spatialrelationsfor bettercharacterizatioof animage. An algorithmfor segmentingan
imageinto uniform coloredtexturedregions,usingco-eficientsof wavelet paclet trans-
form hasbeenproposedFuzzyspatialinterrelationdetweerthe sggmentedegionshave
alsobeencomputedasa measureo incorporatespatialrelations betweerthe segmented
regions. Thefeaturedik e color, texture,shapeaswell asthe spatialrelationsbetweerthe
individual regions play a significantrole in representinghe overall meaningassociated
with animage.Methodologiedo computespatialrelationshipg466], [152], [102] mostly
dealwith the geometricattributesof a region like (area,shape,adjaceny, surrounded-
nessetc. ). In our proposedapproacha new ideaof extractingtopologicalinterrelation
betweerfuzzily partitionedregions,of animagehasbeenintroduced.The performance
is testedon varioustypesof images. The effectivenessof the proposedfeaturesafter
combiningspatialrelation featureswith region propertiesis shovn from the improve-

mentin resultsfor differentcasesComparisonsvith the othermethodswhich usevisual
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descriptordik e coloredand texture propertiesof homogeneousegions, for evaluating

similaritiesbetweernimagesarealsodone.

6.2 Futurescopeof work :

In the presenthesiswe have put our attentionin developing suitablealgorithmswhich
mainly dealwith soft decisionmakingin featureextraction, capturingspatialrelations
betweenobjects,relevancefeedbacketc. We have shavn variousapplicationson gray
level andcolorimagesdfor retrieving relevantimagesfrom imagedatabases.

Thework reportedn the presenthesismaybe extendedfor betterresultsandinteresting
applications.

1. In the presenthesis we have considere®D scenamages.The applicationscould
be extendedto 3D domain,for evaluatingshapesimilarity for 3D objectsif we consider
additionalfeatureswhich are having the propertyof geometricalinvariance besidethe
normal 2D invariancepropertieslik e, rotation, translationand scaling transformations
whichareusedn theproposednethods.3D Zernikeinvariantsmaybeusedasdescriptors
for contentbased3D shapeetrieval.

2. Extractionof high curvaturepoints (containingsignificantshapeinformation)is
doneusing the fuzzy edgemap as input containinggradientmagnitudeand direction
information. However, this approachrequiresa heuristicselectionof thresholdgor dis-
criminatingtrue cornerpointsfrom falseprotrusions.This tuningrequiresexternalinter-
ventionfor differentclassof images.To avoid this problem,we have usedSupportVector
Machineswhich take on thefuzzy edgemapasinput with gradientandmagnitudanfor-
mation and extractsthe true cornerpointsasits supportpoints. This kind of approach
may be adoptedor suitablemodificationfor colorimages.

3. In the presentthesis,we have testedthe proposedmethodologiedor imagere-

trieval, i.e., asingleframe. Evaluatingsimilaritiesbetweerthe video clips comprisingof
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severalframesbecomesanimportantresearctproblem. It is very naturalthatalgorithm
developedfor still imagescould be extendedto video domainby incorporatingsuitable
propertiese.g., motion vectors. To testthe robustnesson the proposedeaturesfor pos-
sible applicationin video, we have at first comparedhe resultson 2D imageswith the
contestdescriptorgecommendeds MPEG-7visual featurestandardsOn extensve ex-

perimentst is foundthatourexperimentsarequitecompatiblewith theresultsasobtained
from MPEG-7visualdescriptorsyith anadditionalbenefitof handlinguncertaintieslue
to blurring, noisecorruptionandintensityvariations. This alsojustifiesour ideafor ex-

tendingthe presentalgorithmfor video domain. The resultscould be furtherimproved
with relevancefeedbackwvhich hasalsobeentestedon singleframes.

4. Thealgorithmdevelopedfor color texture segmentatiorusingwaveletpacketsand
combiningfuzzy spatialrelationshipmay be further modifiedfor bettercharacterization
of semanticconcepts.In caseof naturalimagessomekind of subjectve evaluationis
possiblaf importanceof individualregionscanbecalculated Thenumberof occurrences
of individual regionsmay be a measureto computea region weightingfactor Moreover
a knowledgebasedschemecould also be exploited to selectthe classesautomatically
Solutionswhich take careof thesetwo aspectsnayresultinto muchbetterscheme.The
systemmaybefurthermodifiedwhichis capablgo handlequeryingonindividualregions
or blobs.

5. In reallife situationsthe databasesonsistof very large numberwith wide variety
of images.With a givenquery similarity evaluationis basicallya searchwith the near
estneighborsaroundthe querypointsor a rangesearcharoundthe querypointsimages.
Most of thenearesheighborssearchitechniquegmploy multidimensionalndexing tech-
niquesto reducethe searchtime. Suitabledatastructureq29] for spacepartitioning (
e.g.Kd-tree)maybeused.The proposedeaturesmay be coupledwith suitableindexing
techniquesfor handlingvery large databasew/hile invoking lesscomputationatime.

6. In the presenthesiswe have mainly concentratedn suitablefeatureextractionfor

imageretrieval applications.Euclideandistancehasbeenchoserasa similarity measure
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for all the methods.The experimentsusingsomeothersimilarity measuresike, Maha-
lanobisor Bhattacharyyalistancemay be further testedwith the proposedeaturesasa

futurescope.



Chapter 7
Appendix

7.0.1 Multir esolutionAnalysis using wavelets

Thefull discretewaveletexpansiorof asignalthatformsanorthonormabasisfor L2 ( R?)

is givenas,

Yk = s_j/2¢(5j/2t — kr) (7.2)

Theeffectof discretizingthewaveletis thatthetime scalespaceas sampledatdiscrete

intenvals. s is usuallychosemas2 andr = 1 sothatthe samplingof the frequeny axis
andthetime axiscorrespondo dyadicsampling.
An arbitraryfunction canbe representedvith linear combinationof a setof waveletsor
basisfunctions.Thesebasisfunctionsareobtainedrom asingleprototypewaveletcalled
motherwaveletby dilations(scalepndtranslations(shift)Wavelettransformatiorcanbe
usedto analyzethe spaceandfrequeny contentof animage. Mallat hasshown thata
signalatany resolution,canbe decomposethto a signalata coarseresolution plusthe
associatetvaveletcomponentsThemultiresolutioncharacteristicef wavlet transformis
very attractve to differentimageprocessingndvision applicationg130]. Thewavelets
canbeconstructedrom ascalingfunction¢. Thediscretenormalizedscalingandwavelet
basisfunctionsfor 2D-DWT aredefinedas[130],
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bi (1) = 2/2h; (211 — k)

wherei andk arethe dilation andtranslationparameterand h; and g; arerespectrely

(7.2)

thesequencef lowpassandbandpaséilters of increasingwidth indexedby i. (i, k € 7)
a positive setof integers. The full discretewavelet expansionof a signalthatform an

orthonormabasisfor L?( R?) is givenas,

do
2(1) =Y ) (K)baok + D Y dioy (k)i (7.3)

kez 1=1 ke€z

d;y arethe wavelet coeficientsandc,) arethe expansioncoeficients of the coarser
signalapproximationz ). Thec,) andd;y canbeinterpretedn termsof simplefilter-
ing anddown samplingoperations.The 2-D DWT is computedby applyinga separable
filter bankto theimagewherec;(z,y) correspondso low frequenciegLL) d; (z,y) cor
responddo the verticalhigh frequencieghorizontaledgesH), d?(z, y) horizontalhigh
frequencies(erticaledgesHL), d3(z, y) the highfrequenciesn bothdirections(the cor-
ners,HH).

Theimage!(z, y) is representedt severalscaledy { cd,, d!(x,y) , n=1,2,3,i=1,...,
do }. The 2D-DWT transformof an2’ x 2¢ imageis representedsa setof shiftedand
dilatedwaveletfunctionresultinginto subbandmagesgachof size2i=! x 2=,

Waveletsaregenerallyexpressedy meansof filter co-eficientsh,, Waveletdecom-
positionschemdonelevel, andthreelevel ) areshavnin Figs. 7.1and7.2.

Themultiresolutionanalysisusingwaveletpacletscanbe explainedasfollows. Mul-
tiresolutionanalysistMRA) analyzeghe signalat differentfrequeng with differentres-
olution. Every spectralcomponenis not resoled equally This approachmakessense
becausédigh frequengy componenhasshortdurationandlow frequeny componenhas
long duration. Width of the window is changedasthe transformis computedfor every
singlespectralcomponent.

Let usconsiderasignal f € L?(R) andintroducea projectionoperatorP; suchthat
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Figure7.1: Waveletdecompositiorscheme
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Figure7.2: 3- level Waveletdecompositiorscheme
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P; f is the approximatiorof f attheresolution:. If we associatehis: with a suchthat,

a=2' thenhigher: meanslowerresolution”.

V; ={Pif|f € L*(R)} (7.4)

A multiresolutionanalysisof f is thenperformedby projectingf on successie lower
resolutionapproximation.Formally, a multiresolutionanalysisof f € L*(R) consistsof

seriesof nestedsubspaces; € L*(R) for whichV, C V, C ...V,,.

OV; = L*R) and NV;=0 (7.5)

In orderto make this ladderof subspacea multirtesolutionrepresentationi is re-
quiredthat,
fHevi & fl/2)eVinVieZ (7.6)

Therequiredinvarianceof V,, undertranslationis suchthat,

feVy o fl—k eV, VgeZ (7.7)

This meanghatthe spacecontaininghigh resolutionsignalswill consistof thoseof low
resolutionsignals.This ensureglementsn a spacearesimply the scaledversionsof the
elementsn the next space.Which may be statedthat, if a function¢(l) € V5, thenit is
alsoin V3, thespacespannedby ¢(1/2). Thefull waveletpaclketdecompositioniteratively
decomposeboth the approximationand detail subbandsat eachlevel. This resultsin a
largerbinarytreedecompositionthatgeneratesvo branchedrom eachnode.As aresult,
averylarge numberof paclet basesanbe generatedor the analysisof mary frequeng
ranges.

Wavelet pacletsmay be describedy the collectionof {W P;(t)|i € Z*} suchthat,

71 isthesetof positiveintegers.
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An approximationof the function f(l) usingwavelet paclet W P, at scalei with a

down samplingfactorm is,

F(t) =) WP, 2" PWP,(27'l — k) (7.8)
k

HereW P, ; ,, arethewaveletpaclket coeficients.
Waveletpaclet coeficientsmaybe efficiently in termsof coeficientsat coarserscale
as,

W Pi = Y h(m—2k)WPn,i—1,m (7.9)

W Pssrip = g(m —2k)WPn,i—1.m (7.10)

As anexample,a 2-level decompositioron the orthogonakubspacegeneratebases,
P2,i,k’(l)’ i=0,1,2,3, pl,l,k(')zllzlb(l/z_k),p2,o,k(|):1/4¢(l/4_k’),p2,1,k(|):1/4¢(l/4—k)
formsorthogonakets.

For standardvavelet decompositiony is restrictedto 0. Only W P,; ( aredecom-
posed.

The choiceof wavelet scaleparametemithin a DWT is 2¢, where: € {0, 1,2....}.

Suchchoicesarenotsuitablefor analysisof high frequeng signalswith relatively narrov
bandbecausehe subbandlecompositions appliedon the low passcomponenplaneof
theinputimage.However, mary analysisapplicationsuchastexture classificationrand
seggmentatiorrequireafiner frequeny analysis.)
SinceWaveletpacletscompriseall possiblecombinationof subbandlecompositiorap-
plied recursvely to the lowpassandhigh passfilter resultsof the previouswavelettrans-
form step, it is possibleto createarbitrary tree structuresthat generatesarious com-
binationsof orthonormalbaseq169]. As a result, betterfrequeng localization,while
retainingthe structureof a discretedecompositiortanbe obtainedroughwaveletpaclet
decomposition.

An appropriatevay to performthe wavelettransformfor texture featureextractionis to



Appendix 188

detectthe mostsignificantfrequeng channelandthendecomposéhemfurther In order
to avoid the full decompositionan adaptve decompositioralgorithmusinga maximum
criteria of textural measure®asedon the statisticsextractedfrom eachof the subbands,
andidentify the mostsignificantsubbandsanbedone.This enabledo selectthedesired
frequeny subspacesor furtherdecomposition A signalcanbe adaptvely decomposed
usinga selectedbasesaccordingto a selectioncondition,basedon e.g. (enegy, entrofy
of thesubbands).
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