
DOI: 10.4018/IJCINI.2021010101

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


Copyright©2021,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



1

A Visual Saliency-Based Approach 
for Content-Based Image Retrieval
Aamir Khan, Independent Researcher, India

Anand Singh Jalal, GLA University, Mathura, India

 https://orcid.org/0000-0002-7469-6608

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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