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ABSTRACT

Duringthepasttwodecadesanenormousamountofvisualinformationhasbeengenerated;asaresult,
content-basedimageretrieval(CBIR)hasreceivedconsiderableattention.InCBIRtheimageisused
asaquerytofindthemostsimilarimages.OneofthebiggestchallengesinCBIRsystemistofillup
the“semanticgap,”whichisthegapbetweenlow-levelvisualfeaturesandthehigh-levelsemantic
conceptsofanimage.Inthispaper,theauthorshaveproposedasaliency-basedCBIRsystemthat
utilizesthesemanticinformationofimageanduserssearchintention.Intheproposedmodel,firstly
asignificantregionisidentifiedwiththehelpofmethodstructuredmatrixdecomposition(SMD)
usinghigh-levelpriorsthathighlighttheprominentareaoftheimage.Afterthat,atwo-dimensional
principalcomponentanalysis(2DPCA)isusedasafeature,whichiscompactandeffectivelyused
forfastrecognition.Experimentresultsarevalidatedondifferentimagedatasethavinganextensive
collectionofsemanticclassifications.
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INTRodUCTIoN

Itisaneraofsearchingontheinternet.Nowadayssearchingisdoneusingadigitalmediaknown
asMultimediaInformationRetrieval(MIR).Thebiggestchallengeintoday’seraistofindthe
solutionforthesearchingofdigitalinformation.TheneedofasMultimediaInformationRetrieval
systemisrequiredtosearchtheimage/videoeffectivelyandefficientlyfromthevastcorpusof
dataavailableontheinternetwiththehelpofsearchengine.Searchingonthewebisdoneeither
intextqueryorbymultimediaasaquery.MIRdealswithmultimediainformationlikeimage/
videowhichisfurtherdividedintobranchessuchasContentBasedImageRetrieval(CBIR),
MichaelSLewetal.(2006).Inearlyyears,MyronFlickneretal.(1995)developedacontent
basedretrievalsystemknownasQBIC(QuerybyImageContent).InCBIRtheimageisused
asaquerytofindthematchedimagefromthedatabaseofimagecorpusontheweb.Featuresof
imagesareusedforthematchingoftheimageswhicharevisuallysimilari.e.,shapeortexture
orcolororwiththecombinationofthesefeatures.
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Therearevarious features frequentlyused inCBIRsystems:Color, textures, shapeetc.The
colorfeaturerepresentsthevisualappearanceofanobject.Itisalsoinvarianttomanygeometric
transformations. Color histograms, color moments, color coherent vector (CCV), and color
correlogramarethedescriptorsusedtorepresentthecolorfeature.Imagetexturedefinesthespatial
arrangementofcolororintensities.Imagetexturecanbedescribedintermofsmoothness,coarseness,
roughness.Recently,SIFTfeatureisalsousedasalocalfeatureforimagerepresentationbyDavidG
Lowe(2004).TimoOjalaetal.(1996)proposedtexturehistogramsfeaturebycombingsimpletexture
features.Shapeisalsousedasoneoftheglobalfeature.Therearedifferentshapesdescriptorssuchas
circularity,momentinvariant,aspectratio,boundarysegments,eccentricity,orientationandFourier
descriptorsareusedinCBIRsystems.Apartfromusingsinglefeature,researchershaveexploited
thecombinationsofdifferent featuressuchascolorand textureusedby researchersXiang-Yang
Wangetal.(2014),colorandshapebyresearchersTheoGeversandArnoldWMSmeulders(2000)
andcolor,textureandshapebyresearchersXiang-YangWangetal.(2011).Combingfeatureshave
improvedtheefficiencyandaccuracyofretrievalsystems.However,combiningfeaturescreatethe
featurevectorheavyandretrievalsystemmorecomplex.Sothereisaneedoffeaturethatiscompact
andaswellasefficient.

ThemajorityoftheworksinCBIRhavefocusedonnarrowimagefieldswhichusuallyrepresent
imagesrelatedtoaparticulardomainsuchassatelliteimages;medicalimagesArnoldWMSmeulders
etal.(2000).Indomain-specificimages,theimagesarerestrictedaroundasmallsemanticconcept.
Ontheotherhand,broaddomainsrepresentimageshavingalargesetofsemanticconceptssuchas
naturalimagesonthewebArnoldWMSmeuldersetal.(2000).Theseimagesalsocontainsignificant
lackofconsistencywithinthem.Developingasystemthatcandealwiththebroadimagedomainis
muchmorechallenging.Ingeneral,inanimageretrievalsystem,uservisualattentionisonlyfocused
inspecificregionsalsoknownasobjectsofinterest.

Mostof theCBIR frameworks assumeeachpicture as awhole semanticunit andassemble
primitivecomponentsRitendraDattaetal.(2009).Theglobalfeaturesarecomputedfromtheentire
image. Therefore, the retrieval precision such systems are low Ying Liu et al. (2007). In whole
matchingapproaches,thecompleteimageisusedformatching.Insuchapproach,alotofirrelevant
regionsarealsoincludedbecausethefeaturesoftheentireimageareaareintegratedintooneorseveral
globalfeaturevectors(e.g.,colorhistograms).Manyresearchersproposedregion-basedapproaches,
to overcome the issues related to the global features and to extract the semantic information, P
ManipoonchelviandKMuneeswaran(2015).Aregion-based imageretrieval (RBIR)framework
containsdifferentmodulessuchassegmentation,featureextractionandsimilaritymatching.The
segmentationmoduleextractsthevarioushomogeneousregionsfromanimage.Therearedifferent
segmentation methods such as pixel-based, boundary based and region-based methods used in
literature.Thefeatureextractionmoduleextractseitherlow-levelfeaturessuchascolor,shape,and
textureorhigh-levelsemanticfeatures.Thehigh-levelsemanticfeaturesarecomputedfromthelow-
levelfeatures.Thepriorknowledgealsoplaysanimportantroleinextractinghigh-levelsemantic
features.

Cheng-ChiehChiangetal.(2009)proposedamethodwhichallowstheusertospecifyregions
ofinterestasaquery.Basedonthecolor-sizehistogramirrelevantimagesarefilteredout.AnEarth
Mover’sDistance(EMD)basedsimilaritymeasureisusedtorankandmatchingtheresultingcandidate
images.PManipoonchelviandKMuneeswaran(2015)proposedvisualattentionbasedmethodfor
significantregionextraction.Acolorlayoutdescriptor(CLD)isusedtorepresenttheregions.In
theirmethod,firsttheimageissegmentedintohomogeneouscolorregions.Thenforeachregion
intheimage,theycomputevisualdescriptorssuchascolorcontrast,proximitytothecentreofthe
image,sizeandnearnesstoimage’sboundaryforeachregionintheimage.Finally,onthebasisof
thevisualmetrics,thesignificanceofeachregionismeasuredandidentifiesthecentralregions.

In a region-based approach, image is divided into different regions and visual features are
computedontheseregions.Regionbasedfeaturehaveshownhigherretrievalprecisionascomparedto
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globalfeatures.However,thesuccessofregionbasedapproacheslargelydependsonthesegmentation
technique. In recent year saliency-based approaches have shown better performance in image
segmentationbyAlexPapushoyandAdrianGBors(2015),HouwenPengetal.(2017).Humansare
capabletoautomaticallydetectregionsofinterestintheirsurroundingsusingvisualsearchwhichis
theabilitytolocateanobjectthroughattentionbyJeremyMWolfe(1998)consciously.Amulti-level
visualattentionmodelisproposedbytheauthorXWangandHDuan(2017)forthetaskofsaliency
detection,thismethodisespeciallydesignedfortheatomicnucleiwhicharelinkedtothevisual
attentionmechanism.AuthorR.Mankeetal.(2018)andMSinghetal.(2019)useshighfeaturessuch
ascolor,contrastandsemanticpriortoidentifythesalientregion.Visualattentionhelpsthebrain
forhigh-levelcognitiveprocessingbyextractingspecificvisualinformation,i.e.,salientdetailsby
researcherSimoneFrintropetal.(2010).Inspiredbythiscognitiveapproach,theproposedsystem
computessalientregionwhichrepresentsthevisualfocusofattention.Therefore,inthispaper,authors
haveproposedasaliency-basedCBIRsystemhavinglowcomplexity.Theproposedimageretrieval
approachutilizesthesemanticinformationofimageanduserssearchintention.Inadditiontothis,
intheproposedmethod,authorshaveuseda2DPCAJianYangetal.(2004)asafeature,whichis
compactandcanbeeffectivelyusedforfastimagesearch.

Proposed Methodology
TheblockdiagramoftheproposedframeworkiselaboratedinFigure1.Intheproposedframework,
first,aRegionofInterest(ROI)isidentifiedusingasalientbasedapproach,HouwenPengetal.(2017)
tolocalizethefeaturevector.Thesecondstepisfeatureextraction,inwhichfeaturesareextracted
usingtwo-dimensionalprincipalcomponentanalysis(2DPCA),JianYangetal.(2004).Finally,a
EuclidianDistancemethodisusedtomeasurethesimilaritybetweenthequeryimageanddatabase
images.InFigure1,thefirstblockisfortraining,fromlefttoright,Originalimageset,SaliencyMap

Figure 1. Proposed framework for content based image retrieval



International Journal of Cognitive Informatics and Natural Intelligence
Volume 15 • Issue 1 • January-March 2021

4

Generation,andfeatureextraction,belowthetrainingblockfromlefttorightQueryimage,Salient
regionofqueryimage,featureextraction,SimilarityRanking.

Region of Interest Identification
In theproposedapproach, anexisting saliencydetectionmethodknownasStructured
MatrixDecomposition (SMD)HouwenPenget al. (2017) isused todetect the region
ofinterestintheimage.Inthismethodthelow-levelfeaturesareintegratedwithhigh-
level priors to find the salient region. The low-level salient object detection consists
of four steps: image abstraction, index tree construction, matrix decomposition and
saliencyassignmentHouwenPengetal.(2017).Intheimageabstractionstep,aninput
image ispartitioned into compact andperceptuallyhomogeneouspatches.Eachpatch
Pi is represented by a feature vector fi, and all these feature vectors form the feature
matrixasF = [f1, f2, …fN].AfterthatanindextreeTisconstructedtoencodestructure
informationviahierarchicalsegmentation.

Thehigh-levelpriorsarecomputedusingthefusionofthreetypesofpriors,i.e.location,color
andbackgroundpriors, togenerateahigh-levelpriormap.AGaussiandistributionbasedonthe
distancesofthepixelsfromtheimagecentreisusedtocomputethelocationprior.Thecolorprior
iscomputedonthefactthathumaneyesensitivitytoredandyellowcolor.Thebackgroundprior
calculatestheprobabilitiesofimageregionsconnectedtoimageboundaries.Byintegratingthelow
levelpriorwithhighlevelpriorsintheSMDprocessitworksbetterforthecomplexbackground
image,thereforealsousefultoretrievethecomplexbackgroundsimages.

Feature extraction
Featureextractionisthemostcrucialstepinthecontentbasedimageretrievalsystemasitdirectly
affectstheretrievalrate.Apartfromusingmultiplefeatures,intheproposedapproach,asinglefeature
i.e.,a2DPCAhasbeenexploitedforimageretrievaltask.Unlikemultiplefeaturethissinglefeature
advantagetoformefficientfeaturevector.Duetoitsstabilityandperformance,PCAisconsideredas
oneofthestandardapproachtoextractfeature.However,PCAisfailedtoextractalllocalvariance.
Thetrainingdataisexplicitlyusedtoprovidethisinformation.Toovercomethisissue,avariantof
PCAknownas2DPrincipalComponentAnalysis(2DPCA)isproposedbyJianYangetal.(2004).
Animagein2PCAisrepresentedasmatrices,whichhelpstopreservethelocalinformationand
extractmoresignificantfeatures.

LetAisann-dimensionalunitarycolumnvector.Theideaof2DPCAistoprojectagivenimage
X,amxnmatrix,ontoAtogetanm-dimensionalvectorYbythelineartransformation:

Y XA=  (1)

AuthorscallYtheprojectedfeaturevectorofX.Theprocedureof2DPCAtoobtaintheAvector
canbecharacterizedasfollows.

SupposetherearennumberofclassesinRmxnspaceandthereisasamplesetincludingNimages,
{X1,X2,…XN},whereXiϵRmxn;eachsamplebelongstoaclassj,jϵ{1,2,…,c}.Totalscattermatrix
canbedefinedas:
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where N denotes the number of training samples and X
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In2DPCAalgorithm,theoptimalprojectionvectorAoptsatisfieswith:
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where{Ai|i=1,2…m}aremorthogonaleigenvectorsSTofcorrespondingtothelargestmeigen
values,respectively.

Therecognitionprocessisappliedontheweightvectorsofinputtestimagetotheweightvectors
ofthetrainedimages.Firstresearchersarefindingthedistancebetweentheinputimagestotheweight
vectorsofthetrainedimage.Bycalculatingthedistancebetweentheseimagesresearchersgetsome
weightvalue.Hence,bysettingthethresholdresearchersgetsomevalueandtheminimumvalue
showingaccurateresultsasimageidentification.

Figure 2. Algorithm of proposed image retrieval model
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experimental Results and Analysis
Tovalidate theaccuracyandperformanceof theproposedframeworkextensiveexperimentsare
performedondifferentstandarddatasets.TheProposedsystemisimplementedonMATLAB2014a,
havinghardwareconfigurationofIntelCorei52.90GHZCPUwith16GBofRAM.Coral-10K
(Guang-HaiLiu.(2017)),GHIM-10K(Guang-HaiLiu.(2017)),Olivia-2688(AudeOlivaandAntonio
Torralba(2001))datasetsareusedtovalidatetheproposedsystem,inmanyQBIRsystemtheseare
usedasabenchmark.

dATASeTS

dataset 1 (GHIM-10K)
ThedatasetGHIM-10K(Guang-HaiLiu.(2017))consistsimagesoftwentycategories.Inthisdataset,
therearewidevarietiesofnaturalimagessuchasfireworks,insects,horses,bikesetc.Therearetotal
10,000imagesinthisdataset.Thesizeoftheimagesiseither300x400or400x300.Eachclass
has500images.FortheexperimentalevaluationAircraft,Boat,Bike,Butterfly,Car,Flower,Hen,
Horse,ShipcategoriesofimageareconsideredasshowninFigure3.

dataset 2 (Corel-10K)
Corel-10K dataset (Guang-Hai Liu. (2017)) is the second dataset that researchers have used for
evaluation.Theimageshavebeendividedintohundreddifferentcategories.Eachimageisofsize
either256x384or384x256.Thereare100imagesineachcategory.Thenumberofimagesinthis
datasetis10,000.Bus,Cat,Dinosaur,Dog,Doll,Flower,Mountain,Ship,Trainimagecategoriesare
consideredfortheexperimentalevaluationasshowninFigure4.

dataset 3 (olivia-2688)
Olivia-2688dataset(AudeOlivaandAntonioTorralba(2001))isanotherdatasetthatresearchers
haveusedforexperimentation.Thedatasethaveeightdifferentcategoriesofimages,namely,Coast,

Figure 3. Sample images of GHIM-10K dataset
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Forest,Highway,Insidecity,Mountain,Opencountry,Street,TallbuildingasshowninFigure5.
Eachimageisofsize256x256.Totalnumberofimagesinthisdatasetis2688.

ReSULT ANd dISCUSSIoN

Qualitative Analysis
Thesaliencyregionextractionbasedtechniqueusedinthispapereffectivelysuppressesthebackground
regionsandretainsonlytheforegroundregion.Thismechanismconsidersboththehighleveland
lowlevelfeatures,with2DPCArequireslessnumberofparameters.Theproposedapproachisaimed
toimprovetheefficiencyandaccuracyofthecontent-basedimagingapplicationsespeciallyCBIR.
Theexperimentalresultsillustratethattheproposedapproachimprovesaccuracyandeffectiveness

Figure 4. Some of the sample images from the coral-10K dataset

Figure 5. Sample images of Olivia-2688 dataset
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comparedtotheexistingsystemswithGSD,MeghaAgarwalandRPMaheshwari(2012)andSRBIR,
PManipoonchelviandKMuneeswaran(2015).Inthefigure5somesampleresultsofsalientregion
outputoftheproposedmethodiscomparedSRBIR,PManipoonchelviandKMuneeswaran(2015).
Whenthebackgroundinsimplebothmethodsareabletoidentifythesignificantregion(i-v),however,
whenthebackgroundoftheimageiscomplex(vi-vii)existingapproachislaggingandtheproposed
modeloutperform.

OneofthekeyexpectationsfromaCBIRsystemistofillthesemanticgap.Itmeans,thelow-
levelfeaturesimplythequeryimage’ssemanticcontent.Toachievethesame,authorsassumethat
eachimagecontainssemanticallymeaningfulregions.Outofthesesemanticallymeaningfulregions
thereisoneregionknownassalientregion,whichreflecttheimage’ssemanticcontent.Figure6
demonstratethattheresultsmeettheusers’satisfactioneveninthecomplicatedbackground.

Quantitative Analysis
ThequantitativeperformanceoftheproposedapproachhasbeenevaluatedonthebasisofAccuracy,
F-measure,PrecisionandRecall.Allof the fourmeasuringparameters areused to compute the
relevancyoftheretrievedimages.

Figure 6. Region of Interest (ROI) extraction using the proposed model and SRBIR
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FormeasuringtheaccuracyoftheretrievalsystemPrecisionisused.Itistheratioofretrieved
imagesthatarerelevanttothequeryimage:

Precision
tp

tp fp
=

+


FormeasuringtherobustnessoftheretrievalsystemRecallisused.Itisdefinedastheratioof
relevantimagesinthedatabasethatareretrievedinresponsetoaqueryimage:

Recall
tp

tp fn
=

+


Otherrelatedmeasuresusedinclassificationincludetruenegativerateandaccuracy:

Accuracy
tp tn

tp tn fp fn
=

+
+ + +



• tp(TruePositive)isconsideredascorrectlyidentifiedi.e.actualcatsthatwerecorrectlyclassified
ascats;

• fp(FalsePositive)incorrectlyidentifiedi.e.dogsthatwereincorrectlylabeledascats;
• fn(FalseNegative)incorrectlyrejectedi.e.catsthatwereincorrectlymarkedasdogs;
• tn(TrueNegative)correctlyrejectedi.e.alltheremaininganimals,correctlyclassifiedasnon-cats.

Ifandonlyifthequeryimageandmatchedimagebothliesinthesamesemanticgroup,thenthe
resultisconsideredasrelevantimage.

AnF-measuremeasureistheunifiedperformancemeasure:

F
precision recall

precision recall
=

+
2 *

* 

Table1illustratestheaverageprecision,recall,accuracyandF-measureoftheproposedwith
theexistingCBIRsystemoncoral-10KDatasetonthecategoriesBus,Cat,Dinosaur,Dog,Doll,
Flower,Mountain,ShipandTrain.Itisdepictedthatproposedsystemachievedthehighestaverage,
precision,recallandF-measure.

Figure7depicts theparametriccomparisonofdifferentapproacheson imagescategoriesof
Coral10Kdatasetlistedinthetable1.ResultiscomparedwiththeexistingapproachSRBIRand
GSD.Itisdemonstratedfromthegraphthatproposedmodelshowsbetterresultsevenincaseof
complexbackground.

Table2comparetheaverageretrievalprecision,recallandf-measureoftheproposedsystemwith
theexistingCBIRsystem.TheexperimentisperformedonGHIM-10KDatasetonthecategories
Aircraft,Boat,Bike,Butterfly,Car,Flower,Hen,Horse andShip.The results illustrate that the
proposedapproachperformsbetterthanthestate-of-artmethods.

InFigure8agraphicalcomparisonofexistingapproachSRBIRandGSDisdemonstratedwith
theproposedmodelonGHIM10Kdataset.
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Table3illustratestheaverageprecision,recall,accuracyandF-measureoftheproposedwiththe
state-of-artCBIRsystemonOlivia-2688DatasetonthecategoriesCoast,Forest,Highway,inside
city,Mountain,Opencountry,StreetandTallbuilding.Theresultsindicatethattheproposedsystem
obtainedbetterperformanceintermofthesemeasures.

Figure9depicts theparametriccomparisonofdifferentapproacheson imagescategoriesof
Olivia-2688datasetlistedinthetable3IntheOlivia-2688datasetimagesarecomplexandvisually
less different like images of category inside city, street, tall building and highway are very less
differentinvisualappearance.ResultiscomparedwiththeexistingapproachSRBIRandGSDand
itisanalyzedthatproposedmodelshowsbetterresults.

Figure 7. Graph comparison of PM with GSD and SRBIR on Coral 10 dataset

Table 1. Comparison of precision, recall, accuracy and F-measure obtained by the proposed method with existing content-
based image retrieval systems GSD, Megha Agarwal and RP Maheshwari (2012), and SRBIR, P Manipoonchelvi and K 
Muneeswaran (2015) for Coral 10K Dataset

Precision Recall Accuracy F-measure

SRBIR GSD Proposed SRBIR GSD Proposed SRBIR GSD Proposed SRBIR GSD Proposed

Bus 76.2 78.9 85.0 80.0 75.0 85.0 95.5 95.5 96.8 78.0 76.9 85.0

Cat 70.0 75.0 80.0 70.0 75.0 80.0 94.1 95.0 95.7 70.0 75.0 80.0

Dinosaur 71.4 66.7 83.3 75.0 60.0 75.0 94.6 93.3 95.8 73.2 63.2 78.9

Dog 63.6 69.6 73.9 70.0 80.0 85.0 93.3 94.6 95.2 66.7 74.4 79.1

Doll 82.4 80.0 88.9 70.0 80.0 80.0 95.5 95.7 96.8 75.7 80.0 84.2

Flower 73.3 71.4 77.8 55.0 50.0 70.0 93.7 93.3 94.8 62.9 58.8 73.7

Mountain 61.9 52.4 61.9 65.0 55.0 65.0 92.5 91.3 92.3 60.0 53.7 63.4

Ship 76.2 76.2 85.7 80.0 80.0 90.0 95.5 95.5 97.3 78.0 78.0 87.8

Train 54.5 59.1 61.9 62.0 64.0 65.0 91.3 92.5 92.3 55.8 61.9 63.4
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The proposed methodology presented in the paper is able to extract the foreground region
effectivelyinthecaseofcomplexbackgroundimage;thebackgroundoftheimageissuppressed
successfully. In the technique after identifying the region of interest single feature is taken into
considered.Themainaimoftheproposedtechniqueistoenhancetheaccuracyandefficiencyof
theQuerybyImageContent(QBIC)applicationwithusingleastfeature.Theexperimentalresultis
calculatedontheparametersPrecision,Recall,AccuracyandF-measure.Itisfoundthattheresult
oftheproposedQBIRsystemisequivalenttotheretrievalusingmultiplefeatures.

Table 2. Comparison of precision, recall, accuracy and F-measure obtained by the proposed method (PM) with existing 
content-based image retrieval systems GSD, Megha Agarwal and RP Maheshwari (2012), and SRBIR, P Manipoonchelvi and K 
Muneeswaran (2015) for GHIM 10K Dataset

Precision Recall Accuracy F-measure

SRBIR GSD Proposed SRBIR GSD Proposed SRBIR GSD Proposed SRBIR GSD Proposed

Aircraft 82.5 68.2 86.9 80.0 66.8 86.6 96.1 81.2 97.2 76.9 67.5 86.8

Boat 80.1 65.3 82.2 78.8 65.8 84.2 95.7 79.4 96.4 75.0 65.5 83.2

Bike 81.2 66.3 88.2 78.4 67.6 83.4 95.8 79.8 97.0 63.2 66.9 85.7

Butterfly 78.4 61.9 78.6 82.0 62.4 82.2 95.7 80.2 95.7 74.4 62.2 80.4

Car 82.4 67.7 90.1 79.4 62.0 85.4 96.0 80.9 97.4 82.9 64.7 87.7

Flower 79.2 63.3 81.5 80.2 68.6 87.2 95.7 79.7 96.5 58.8 65.8 84.3

Hen 81.7 69.1 91.8 79.6 70.2 85.4 95.9 80.6 97.6 53.7 69.6 88.5

Horse 79.9 66.0 86.4 82.0 63.2 88.6 95.9 80.9 97.2 78.0 64.6 87.5

Ship 75.8 65.5 82.2 80.2 66.2 83.4 95.2 77.9 96.3 61.9 65.9 82.8

Figure 8. Graph comparison of PM with GSD and SRBIR on GHIM10k dataset
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Performance evaluation with different Features and Classifier
Forafaircomparison,researchershavealsocomparedtheresultofproposedmethodwithdifferent
combinationoffeaturesandclassifier.OnthebasesofdifferentparametersPrecision,Recall,Accuracy
andF-measuretheresultiscomparedintable4onOlivia-2688,Coral-10KandGHIM-10Kdatasets.
Theresultsillustratethattheproposedmethodwithsinglefeatureshowsbetterresult.

Fromtheexperiment,itisanalyzedthattheproposedmodelout-perform.Figure10showsROC
comparisonwiththeexistingapproach.

Figure 9. Graph comparison of PM with GSD and SRBIR on Olivia-2688 dataset

Table 3. Comparison of precision, recall, accuracy and F-measure obtained by the proposed method (PM) with already existing 
content-based image retrieval systems GSD, Megha Agarwal and RP Maheshwari (2012), and SRBIR, P Manipoonchelvi and K 
Muneeswaran (2015) forOlivia-2688 Dataset

Precision Recall Accuracy F-measure

SRBIR GSD Proposed SRBIR GSD Proposed SRBIR GSD Proposed SRBIR GSD Proposed

Coast 86.2 81.4 97.2 81.7 76.7 86.7 95.3 94.0 97.6 83.9 79.0 91.6

Forest 83.8 76.3 90.0 82.0 76.5 87.5 95.4 93.6 96.9 82.9 76.4 88.7

Highway 67.8 63.0 70.5 71.2 64.2 78.1 93.3 92.2 94.1 69.4 63.6 74.1

Inside
City 74.9 71.8 81.7 79.5 73.7 85.4 94.0 93.0 95.6 77.2 72.8 83.5

Mountain 78.9 75.5 83.9 82.9 78.1 87.7 93.9 92.8 95.4 80.8 76.7 85.8

Street 74.0 62.8 78.2 70.2 64.0 76.4 93.5 91.3 94.6 72.1 63.4 77.3

Tall
Building 84.7 77.0 88.8 79.5 74.4 84.6 94.9 93.1 96.1 82.0 75.7 86.6
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CoNCLUSIoN

Inthispaper,asaliencybasedefficientCBIRisproposed.Imageshavingcomplexbackgroundare
extractedfromtheimagedatacorpus.ROIincomplexbackgroundisextractedusingwell-known
saliencyapproachSMD.Forthefastrecognitionprocess,compactandefficientfeaturesareused
knownas2DPCA.Theexperimentresultoftheprocessiscomparedondifferentbenchmarkdatasets.
Computedresultsarecomparedwiththeexistingapproachandfoundthattheproposedapproachin
termsofretrievalwithlessfeaturesoutperforms.Theproposedapproachlagsinthecasewherethe
ROIisunidentifiedormultipledifferentcategoriesobjectpresentintheimage.Inthefuturework,
multipledifferentcategoriesobjectscanbeidentifiedandrelatedimagesareextracted.

Table 4. Performance comparison of the proposed method other methods on performance measure precision, recall, accuracy 
and f-measure

Precision Recall Accuracy F-measure

Olivia-
2688

Coral-
10K

GHIM-
10K

Olivia-
2688

Coral-
10K

GHIM-
10K

Olivia-
2688

Coral-
10K

GHIM-
10K

Olivia-
2688

Coral-
10K

GHIM-
10K

CLBP+
SVM 0.761 0.735 0.807 0.808 0.725 0.794 0.895 0.903 0.885 0.815 0.713 0.815

CLBP+
AdaBoost 0.821 0.761 0.84 0.834 0.756 0.834 0.938 0.936 0.94 0.837 0.751 0.841

CLBP+
2DPCA 0.859 0.778 0.861 0.858 0.777 0.857 0.962 0.953 0.969 0.858 0.775 0.858

2DPCA 0.843 0.771 0.853 0.837 0.766 0.851 0.957 0.953 0.968 0.839 0.767 0.851

Figure 10. Comparison of ROC Curve obtained by the proposed method with existing content-based image retrieval systems GSD, 
Megha Agarwal and RP Maheshwari (2012), SRBIR, P Manipoonchelvi and K. Muneeswaran (2015), SDFP, Manke et al. (2018) and 
FLHP, M Singh et al. (2019) for GHIM 10K Dataset
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