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ABSTRACT

Inthispaper,HTMLtagsandattributesareusedtodeterminedifferentstructuralpositionoftextin
awebpage.Tags-attributesbasedmodelsareusedtoassignaweighttoatextthatexistindifferent
structuralpositionofwebpage.Geneticalgorithms(GAs),harmonysearch(HS),andparticleswarm
optimization(PSO)algorithmsareusedtoselecttheinformativetermsusinganoveltags-attributes
andtermfrequencyweightingscheme.Theseinformativetermswithheuristicweightgiveemphasis
toimportantterms,qualifyinghowwelltheysemanticallyexplainawebpageanddistinguishthem
fromeachother.TheproposedapproachisdevelopedbycustomizingTerrierandtestedoverthe
Clueweb09B,WT10g,.GOV2anduncontrolleddatacollections.Theperformanceoftheproposed
approachisfoundtobeencouragingagainstfivebaselinerankingmodels.Thepercentagegainof
approachachievedis75-90%,70-83%and43-60%inP@5,P@10andMAP,respectively.
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1. INTRodUCTIoN

InformationRetrieval(IR)isafieldofstudythathelpstoextractrelevantinformationfromalarge
collectionoftextdocuments1intheweb.WebsearchisamostimportantapplicationofIRandits
challengestoretrievethehighqualitywebpagestotheuserquery.Whileuserusingpopularsearch
engines(SEs)suchasGoogleandYahoo,theyglancemanywebpagesbeforefindingarequiredone
ortheycannotfindalltherelevantinformationtheyarelookingfor(Fanetal.,2009).

Reasonscanbeexplainedfromanumberofperspectives.Theexistingsearchenginesarelearning
thesurfinghabitsofusersthroughAnalyticsandAdsensecode,whichembeddedonwebpagesfor
trackingtheinterestofusers.Thisinformationissoldtocompaniesfortheirdevelopmentorused
fortargetedadvertising,whichallowsbusinessestoadvertisebypopularkeywordsandadvertiseon
particularsites.BoththeseAdsenseandAdWordsareincreasingtherevenueofsearchenginesand
createaprofitablebusinessforadvertisers.Thiswayofearningswillprobablydisplaythebusiness
andmarketingwebpagesastop-kresults,whichisirrelevanttotheusers.
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Due to the proprietary reasons, the accurate algorithms used by commercial SEs are not
recognized.However,thecorrelationstudyhasbeenmaderecentlytoconjecturetheworkingnature
ofSEsalgorithmsandprovidethefactorsthataffectingtheranking.Thosearemainlybasedonthe
backlinks,socialnetworkingwebsites,onpagetechnicalandonpagecontent.Whileconsidering
backlinks,variousstrategiesarefollowedinincreasingtherankofparticularwebsites,suchas,links
shouldpointtoaninnerpage,linksshouldcomefromtheircountry,removetheoffendinglinks,
analysislinkstokeepandtogetridofandsoon.Usually,webmasterandsearchengineoptimizers
(SEOs)carefullyassesstheabovefactorsandrankpageshigherthantheydeserve.Hence,SEOsearn
moneyforbetterplacementofwebsitesinthesearchlist.Duetoallabovelistedfacts,allcommercial,
socialnetworking,fake,personal,advocacywebpagesarerankedastop-kwebpages.Therefore,
usersarefrequentlynavigatingforinterestingpagesresulttoincreaseinbrowsingtime.Arecentstudy
hasshownthatthecommoncharacteristicsoftoprankedpagesonthewebaresocialnetworkpages.
However,socialnetworkpagesareusedbythecertainagedpeople.Astheresult,thepersonaland
advocacywebpagesarepresentatthetop-kofretrievedresults.Further,intheTRECcompetition
(Fanetal.,2009),itwasstatedthatusingthelinkinformationalonedoesn’tprovidemuchhelpin
performanceimprovementascomparedtousingcontentinformation.Therankingfunctionsbased
oncontentalonearestillverysuccessful.

Meanwhile,onpagetechnicalandonpagecontentareshownspecialattentiononthetexts
associatedwiththewebpages.Typically,webpagesaredevelopedusingtwocharacteristics:
contentofthedocumentandthestructureofthedocument.Therankingofwebpagesincontent
basedrankingisdoneusingvariouslexical/syntacticalstatisticsofthewordsinwebpages.
Structure based considers the structural properties of web pages and a weight is assigned
toeachwordexistingindifferentstructuralposition.Thisweightingheuristicimprovesthe
rankingperformanceoftheweb.EachwebpageisanHTMLdocumentwhereTagsareused
fordesigningpurpose.TheHTMLTagsgivesideaforunderstandingawebpage,says, the
<title>TAGrepresentsthetitleofthedocument.SEsunderstandthewebpageusingfewTags
relatedtotheheadandbodysectionsandassignequalprioritywhichleadtolessprogression.
Inadditiontothetextinformation,image,audio,videocontentsarealsoembeddedintothe
pagesandthatcanalsobeusedinunderstandingthewebcontenttherebytheretrievalaccuracy
isimproved.Whileconsideringthetextcontentofimages,itisassuredthattheyaresimilarto
thetextannotationsandclosertothesemanticinterpretationoftheimage.Recentworkshave
beenfailedtoexactlyinterprettheimageusingtexts.Anovelapproachwillneedtopropose
whichimprovesthetop-kofretrievedresults.

Themainobjectiveofthispaperistoeffectivelycapturethesemanticsofwebpagesthat
willranktheuserinterestwebpagesontopofthesearchresult.Thiscanbedonethrougha
novelTAGs-basedmodels.Theproposedapproachcapturesthesemanticsofwebpageusing
thefeaturesofwebpagessayHTMLTags.Thesesemanticsarecapturedthroughassigning
differentweightsforallHTMLTags.Forthis,thetermsanditsassociatedTagsextractfrom
thewebpagesandeachtermisweightedbasedonthepropertyoftheTagsassociated.Now,
Geneticalgorithm(GA),harmonysearch (HS)algorithm,andparticle swarmoptimization
(PSO) algorithm are used to select the informative terms in web page using a novel Tags
weighting schemeand term frequency.These informative termswithheuristicweightgive
emphases to important terms, qualifying how well they semantically explain webpage and
distinguishthemfromeachother.Further,theimageTaganditsrelatedattributesareretrieved,
wherethevaluesoftheattributesarebeingconsideredastermsandtheweightisassignedto
thosetermsbasedonthepropertyoftheassociatedattribute.Now,theseweightsaresummed
toassignascoreforawebpageandbasedonthescoresthewebpagesareranked.Therest
of thepaper isorganizedas follows.Section2presents the relatedworkand theproposed
techniqueisexplainedinSection3.InSection4,theexperimentalresultsaregivenandwe
concludethepaperinthelastsection.
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2. ReLATed WoRKS

Inthissection,therelatedworksarepresented.Initially, thetextretrievalfromthedocumentsis
discussedinsection2.1.Itisfollowedbyvariousapproachestodiscovertheknowledgefromimages
insection2.2.

2.1 Text Retrieval in IR
Initially,theresearchonwebtextretrievalwasfocusedfordevelopingtechniquestomakeuseof
informationobtainedfromhyperlinks.Query-independentandQuery-dependentarethetwocategories
of connectivity-based algorithms. Page Rank and On-linePage Importance Computation- OPIC
(Abitebouletal,2003,kadryetal.,2013)werequery-independentrankingalgorithms.Kleinberg
proposedHyperlink-InducedTopicSearch(1999)wasaquery-dependentrankingalgorithm.Even
though,thesealgorithmspartofthecurrentsearchenginewithmanyissues.Sayforexample,the
dampingfactorsforallpagesareusedinarankingmodeltoremovesinkingeffectthatwillchange
thequalityofthepages.Inaddition,thesealgorithmsaresufferingfromrich-getricherproblem.A
recursiveconnectivityalgorithm(Bidoke&Yazdani,2008)basedonreinforcementlearningwas
proposed tohandle rich-get richerproblem.Thisapproachconsiders thedistancebetweenpages
as punishment, called ‘Distance Rank’ to compute ranks of web pages. Reinforcement learning
algorithmfavorsonlytheoddpagesandthosehighqualitypageshavebeenaddedrecentlywithout
manyinboundlinkswereignored.Hence,everyonehasconcentratedonraisingthepagerankby
buyinghighinboundlinks.

Alternatively,severalkeyword-basedsearchalgorithmsidentifythestructuralrelationshipsof
pagesforranking.Multiway-SLCA(Sunetal.,2007)offersasearchparadigmbeyondthetraditional
ANDsemanticsinsupportofkeywordsearch,includingbothANDandORBooleanoperators.The
semanticsofexclusive lowestcommonanswer to improveresultquality isdevelopedbyXuand
Papakonstantinou(2008).Accordingtotheentitiesindatathatarerelevanttothesearch,keywords
areexplicitly inferred togenerate returnnodes (Liu&Chen,2007).Lietal. (2008)presenteda
ranking mechanism to improve search effectiveness by combining structural compactness and
textualrelevancetoranktheanswers.Graupmannetal.(2005)proposedtheSpheresearchengine
toprovideunifiedrankedretrievalofheterogeneouswebdata.Lietal.(2008)proposedaunified
keywordsearchframework,namelySAILERforunstructuredandsemi-structureddataforanswering
keywordqueries.EASE(Lietal.,2008)isanefficientandadaptivekeywordsearchmethoddesigned
foradaptivelyansweringkeywordsearchoverheterogeneousdatabysummarizingthegraphs.Li
etal.(2008)demonstratedkeywordsearchoverheterogeneousdata.However,graphswithalarger
diameterwerenotmeaningfulfrustratedtheusersbylargeandcomplexgraphs.Recently,Lietal.
(2011)haveproposedkeyword-baseddocumentretrieval,whereinformationfrommultipleinterrelated
pageswasintegratedtoprovidemeaningfulresultsandforthistheyusedgraphmodel.Ther-radius
Steinergraphswereextractedusingthesetbyremovingthenon-Steinernodesfromthecorresponding
r-radiusgraphsandrankedtheresulttoreturnthetop-Kanswers.Caietal.(2016)rankusingdouble
hypergraph.However,itisprohibitivelyexpensivetodiscovertherichstructuralrelationshipsgraph,
adjacencymatrixandSteinergraph,aseachpageconsistsofmanyinternallinksfromotherpages.In
turn,linksfrommanyotherwebsiteswillbepointingtothem.Kaushiketal.(2017)andZhanetal.
(2017)haveaddressedthererankingalgorithmforaspecificdomain.Thus,thisstructuredrelation
searchapproachwassuitableforaspecificdomainandmaynotbesuitableforWWW.

Parketal.(2005)proposedanalgorithmsuitablefornamedpagefindingtaskusingvectorspace
modelwithbaselinesystem.TheRetrievalStatusValue(RSV)foreachdocumentwasretrieved
usingseveralstages.Itassignsscorestoqueryterms:inthetitle,thesamesentenceapartfromthe
adjacentsentenceandinthedocumentbeingpointedbyanchortag.Alltheabovegeneratedscoresare
summedandRSVvalueofadocumentwascalculated.Therankeddocumentswerefinallyundergone
stratifyingandre-rankingstage.However,itissuitableonlyfornamedpagefindingtaskanddonot
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workwellfortheshortqueries.Thevalueforsentence-querysimilarityforadocumentvariesonce
thereisachangeinquerytermswithtimeconsumption.Thetitlesdefinedwithinthebodiesofweb
pagesweremorerelevantcomparedtothecontentintitlefieldastheyaremorenoticeabletothe
readers.Addressingthisidea,Xueetal.(2007),Bhardwajetal.(2014)andAkhtaretal.(2014)have
proposedanautomaticextractionofthetitlefromthebodiesofwebpagesusingDOM-treeandvision
basedmethods.NehaSharmaetal.(2014)havecapturedsematicofwebusingdecisiontree.However,
thisapproachconsidersonlytitleofthedocument,theinformationpresentinotherTagswasignored
andthusresultinlowprecision.Akritidisetal.(2011)havedevelopedanewMetasearchenginefor
runningsimultaneouslyuserqueryacrossmultiplecomponentsearchengines,retrievethegenerated
resultsandaggregatethem.Itisknownthatthisenginedoesn’tmaintainowndocumentindexand
newrankaggregationmethodisusedtorankthecontentinasinglelist.Theauthorproposedzone
scoringbyassigningweighttoeachzoneandbasedonthezonetheweightvaries.Weightfactor
rewards thedocumentscontaining thequery terms in its title, snippetorURLasmany timesas
possible.However,wasntconsideredtheimportanceofallthezonesforscoringadocument.Fanet
al.(2009)developedaframeworkforfewHTMLtagsandusedthosetagsingeneticprogramming
techniques.ThecontentoftheHTMLwebpagehavebeenidentifiedbytheframework(Wuetal.,
2016;Serrano-Guerreroetal.,2015;Uzanetal.,2014andMohammadzadehetal.,2013).Linget
al.(2006&2007)proposedtheideafordesigningawebpageandtheaboveframeworkanddesign
standardideasweresupporttoidentifytheessentialcontentinthewebpageandthesameisusedin
ourapproach.However,thesealgorithmsconsideronlyfewHTMLtagsforcapturingthesemantics.
Thus,itisimperativethatacomprehensiveapproachisrequiredtomakeuseofkeywordsintagsof
allcategoriesforcapturingthesemanticsofHTMLpages.

2.2. Image Retrieval in IR
ThefirstexperimentalapproachforimageretrievalisAnnotatedbasedinformationretrieval(ABIR),
whereeachimageismanuallyannotatedusingtextualdataandthestandarddatabasemanagement
systems(ChangandFu,1980;ChangandKunii,1981)wereemployed.Intheearly90’s,manually
annotationapproachforvastimagescollectionbecameinoperable.Asanoutcome,CBIRapproach
(Ruietal.,1999)proposedand thoseextracted featureswerestored in thedatabase for retrieval
purpose(AslandoganandYu,1999).VariousCBIRtechniqueswithdifferentextractionandstoring
features(KwaeandKabuka,2000;OgleandStonebraker,1995;Wu,1997)andontheimagesearching
approach(Coxetal.,2000;Flickneretal.,1995;SantiniandJain,2000)weresuggested.Theresearch
directionforimageretrievalwaschangedduetotheexpansionofWWW(Benitezetal.,1998;Benitez
etal.,1997;Sclaroffetal.,1997).Generally,theimageswereidentifiedwithimagefilenames,html
tagsandsurroundingtextintheweb.Inthecourseoftime,textwascombinedwithimagefeatureto
developthemulti-modalsystemsforimprovingimagesearchresults(Wangetal.,2001;Chenetal.,
2001;Huetal.,2000;SmithandChang,1997;Wuetal;2001).Finally,itwashardtoextractlow-level
featuresfromthewebimages(or)manualannotationishard.Hence,ABIRwasreasonableandKılınc
etal.,(2000)recentlysuggestedthisapproach,wheretheimageretrievalsystemwasintroducedfor
Wikipediapagesusingtextualdataaroundimages.Thedocumentandqueriesexpansiontechniques
wassuggestedusingWordNet(Miller,1990),WordSenseDisambiguationandsimilarityfunctions.
Normally,thisexpansionleadtohighrecallwithlowprecisionandthelow-levelre-rankingapproach
isintroducedtoincreaseprecision.However,selectionofappropriatesentencestodescribeanimage
areanimportantandvalidproblem.

Thestudiestoanalysethetextualinformationfrommonochromaticweresuitedbettertodescribe
theimages.Inaddition,textregionsextractedfrommixedtext/graphiccompounddocumentimages,
the most of the textual regions show distinctive texture features that were unlike other non-text
backgroundregions(HasanandKaram,2000).Athreelevelrulebasedmodelwasdevelopedin
(NiyogiandSrihari,1996;LevineandNazif,1985;Leeetal.,2000)fortheimageanalysisdomain.
Chenetal.(2009)extracttext-linesfrommixedcompoundwithdifferentilluminationlevels,sizes
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andfontstyles.Thissystemsdecomposethedocumentimageintodistinctobjectplanesusingmulti-
planesegmentationtechniqueforextractingandseparatinghomogenousobjects.Therefore,(Chen
etal.,2012)comeupwithanewalgorithmthateasilyhandlestext-linethatoverlapwithpictorial
objectsandbackground.Knowledgebasedtextextractionandidentificationprocedurewereapplied
oneachplanewithvariouscharacteristicstodetect,extractandidentifytext-lines.Thegeometrical
andstatisticalfeaturesoftext-lineswereencodedusingknowledgeruleswhichestablishtworulesets.
However,rulesgenerationandextractionoffeasibletestfrommixedcomponentisaconsumestime.

AnotherapproachretrievesimageandvideoontheWWWispresentedin(SmithandChang,
1997),wheretheimagewasdescribedusingthewordsfromaURLandALTtagwithapredefined
category.LuandWillam(1999)proposedthetechniqueofweightingtheextractedtermbasedon
theirlocationintheHTMLdocument.Anormalizedsumoftheseweightswerecombinedwitha
colorcomparisonmeasurebyaddingbothvalues.Thesimilarapproacheswithsomerefinementwere
introducedin(Chenetal.,2001)and(Huetal.,2000).In(Wuetal.,2001),aself-organizingneural
networkwasusedthroughcombiningimagefeaturesandtextualinformation.However,thereisno
clearinformationonalltheseworkssuchasthepartselectedfromtheHTMLdocumentforimage
retrieval.SandersonandDulop(1997)usedacombinationoftextsfromassociatedHTMLpageswith
one-severallinksawayformodelingimagecontents.Shenetal.(2000)usedthemoresummarized
informationontherelatedwebpageandconstructasimplemodeltochainassociatedterms.The
modelfortheimage(Benitezetal.,1997;Fengetal.,2004)wasconstructedusingthecombination
oftext,linkinformationsurroundingtextofimages.ChenandXiaohua,2010modelledthevisual
contentbyincludingfeaturessuchascolorandregion.However,thefeaturesweretoolowleveland
inadequatetomodelimagecontents(ChangandFu,1980;Yang2006)thatresulttotheineffectiveness
ofretrieval.Imagesareclassifiedintovariouscategories(Chenetal.,2009)tohandlethisissueby
usingdomainspecificfeatures.Recently,keywordsrelatedapproacheswerespreadingoverunlabeled
imagestocapturethesemanticconcept.Usersimplicitlylabelledmoreimageswiththerelevance
feedback mechanism was used to regularly update this model. However, the relevance feedback
mechanismwilltakeslargetoconvergethelearningknowledge.XuandZang(2007)suggestedan
integratedpatchmodelandgenerativemodelforimagecategorizationbasedonfeatureselection.The
featureselectionmethodwasdividedintothreestepsforacquiringrepresentativecharacteristicand
alsousedtoeliminatethenoisecharacteristic.Recently,thetextualkeywordsappearedintheweb
pageswasusedforidentifyingunsuitable,offensiveandpornographicwebsites(Huetal.,2007).
Inthiswork,thedecisiontreewasusedtodividethetextpagesintocontinuous,discreteandimage
usingrespectiveclassifiers.Pornographicnatureofcontinuoustextinwebpagesisidentifiedusing
statisticalandsemanticfeatures.Similarly,pornographiccontentofdiscreteandimagewebpages
wereidentifiedusingBayesianclassifierandobject’scontourofimagesrespectively.Recently,the
gapbetweentheextractedfeaturesofthesystemsandtheuser’squerywerereducedusinganother
method(BarnardandForsythetal.,2001;Yangetal.,2008;ZhaoandGrosky,2002).Thesemantic-
basedimageretrievalusingself-organizingmaps(Yangetal.,2008)discoveredthesemanticsofthe
imagefromwebpagesandthosesemanticsaredescribedbasedonthetextsurroundingtheimages.
ThetextminingprocedureusedbyadoptingSelfOrganizingMaplearningmethodasakernel.After
thisprocess,someoftheimplicitsemanticinformationwasalsodiscoveredandthesemanticrelevance
measurewasusedforretrieval.Recently,boththekeywordandlow-levelfeaturesofimagesinHTML
pageswereextractedforretrieval(Vadiveletal.,2008and2009).Severallow-levelfeatureswere
integratedwithhigh-levelforretrievingrelevant imageretrieval.However, theassociationor the
importanceofthekeywordswiththeHTMLpageorwiththeimage,isnotmeasured.Itwasnoticed
fromtheabovediscussionthatnoneoftheapproachesdynamicallymeasuretheassociationoftextual
keywordswithimageinformationforcapturingthesemanticsretrieval(LienhartandHartmann,2002;
LiuandChen,2007).Basedontheabovediscussion,itwasnoticedthattheinformationavailable
inHTMLdocumentsshouldbeusedeffectively.Thestructuralpositionofthetextswerehelpedto
capturethesemanticsofthewebpageandrankthedesiredwebpagesontopoftheretrievedresults.
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3. PRoPoSed WoRK

WorldWideWebinventordevelopedthesemanticwebtouseintelligentlyforservingtheusersneed.
Thiscanbedonethroughformulatingusersneedinaformthatcanbeunderstoodbytheretrieval
mechanism.Meanwhile,thecontentsofdocumentshouldbedescribedinaformthatmaketheretrieval
mechanismtorecognizethehighlyrelevantdocuments.Recently,thesetwophasesareinherently
unsatisfiedandthesolutionforoneofthephaseisdiscussedasfollows.

Thewebisacollectionofinterrelatedwebpageswithoutstrictandidenticaldatastructuresor
schemasthatfollow.Asaresult,thereisincreaseinneedtobetterdealwiththeunstructurednature
ofwebpagestocapturetheknowledge.Thewebpagesinwebaredesignedinawell-definedHTML
format,thatformatcontainssomepreliminarywebdatastructures,sayTagsanditcanprimarilyhelp
todesigntheappearancequalityofwebpages.Fore.g.,thedesignerwantstoplacetheimportanttext
atthecenterwithhighlightedform,thetextsareplacedbetweentherespectiveTags.Thisappearance
providesanimportanceoftextthathelpsustocapturethesemanticnatureofwebpages.Inthis
paper,theinformationinwebpagesisuniquelyidentifiedusingTagswithsuitablyassignedweight.

3.1. TAGs-Based Model for Texts

Letusconsiderthatawebcontainsalargenumberofwebpages,say,WP wp wp wp
WP

= …{ , , }
1 2

.

EachwpiisdesignedusingvariousTagsTG tg tg tg
TG

= …{ }1 2
, , andT t t t

T
= …{ , , }

1 2
arethe

setoftextsoccurredbetweenTG.Inourearlierwork(VishnuPriyaetal.,2012),thesemantics
of thewebpage iscapturedandweight isassignedusingTAGs-basedmodel.Theweight is
calculatedforeachtextusingEquation(1).However,thetextcanoccurseveraltimesinapage
anditfailedtoconsiderthereoccurrence.Ihisissueisaddressedinthisworktoincreasethe
efficiencyofretrievalrate:

DWGT
N T L

LL

n

=
−









=
∑ ( ( * ))

( * )21

 (1)

ThetextsanditsassociatedTagsareextractedfromeachwebpage.Theweightisthenassigned
totheTagbasedontheTAGs-basedmodel.EachtexthasbothfrequencyandTagweight,suchthat,
f T WP: ,× → { }1 0 :

f t wp
if wp containst

otherwise
where

i j
j i, ,( ) =








≤
1

0
1 ii T and j WP≤ ≤ ≤  (2.1)

f(ti,wpj)of text ti inwebpagewpj isdefinedasthefrequencyof ti=1,when tiappears in
wpj.Similarly:

Twgt T WP N: × → 

Twgt t wp Twgt if Level lw contains tg where i T
i j lw k
, - , ,( ) = ≤ ≤      1     1 1≤ ≤ ≤ ≤j WP and k TG  (2.2)

Twgt(ti,wpj)oftexttiinwebpagewpjisdefinedastheTagweightofti= Twgtlw,wheretgkisan
associatedTAGoftibelongstotheLevel-lwandlw=1to4.
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Letusconsiderthetext‘ti’isrepresentedas<wpj, fi, Txtwgti>,itmeanstiappearfitimesintheweb
pagewpjthatrelatedtotheTagweightofTxtwgti.Itiscalculatedbysummingupallthefrequencies
(fx)withitsassociatedTagsweights(Twgtx).Itisnoticedthat,atextcanphysicallypresentmorethan
onceinwpj.Then,TxtwgtioftiinwpjiscalculatedusingEquation(3),where‘n’isthetotalnumber
oftimes‘ti’presentinwpj:

Txtwgt f Twgt

n
i x

x

n
x

x

n

=









+










=
=∑ ∑

1
1

 (3)

TheaverageTagsweightiscalculatedinEquation(3)duetothereasonasfollows.Letusassume,
mynameappearsintwowebpages,say,myhomepageandmysupervisor’sjournalpublication
page.Inthefirstcase,itappearsnear<TITLE>Taganditsweightis49(i.e.1+48).Inanothercase,
itappears5timesnear<p>Taganditsweightis15(i.e.5+(5*10)/5).Ifthetotalweightistaken,
mysupervisor’sjournalpublicationpagewillbeatthetop.Henc,itisnecessarytoconsiderthetotal
contributionofthesametextsinawebpage.Thisconcludestheaverageweighthelpstoeffectively
assignweighttoeachtextandrankthosewebpagesinaneffectivemanner.

ThereisapossibilitythatthesametextscouldoccuramongdifferentTagsfromdifferentLevels,
insuchcase,wemakethefirstfourLevels intooneandthelast twointoanothergroups.Since,
thelasttwowithverylowweights,whichwilldropthetotalTagweightofthetext.Therefore,the
TagweightofthetextthatappearsamongdifferentTAGsiscalculatedbasedonEquation(4).For
instance,t2appearsfourtimeswithTagsweightsTwgt1, Twgt2, Gwgt1andGwgt2inwp1,whereTwgt
representstheweightoftheTagsfromLevel-1toLevel-4andGwgtdenotestheTagsfromLevel-5.
TheTagweightoft2(Txtwgt2)isdefinedas:

Txtwgt f
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where:

Gwgt
if t TL

otherwise
g=
∈







1

0
5

 


andg,l,m=2andn=4.
Before to construct the inverted index, GA, HS and PSO algorithms are used to select the

informativetermsfromthewebpagebasedontheTagsandtermfrequencyweight.Invertedindex
isconstructedforthoseterms.Foreachtext,thereisapostinglist(PLT)thatcontains<WP, Txtf, 
Txtwgt>,whereWPisawebpageidand<Txtf, Txtwgt>isthefrequencyandTagweightofthetext.

3.2. ATTRIBUTes-Based Model for Images
Theprecisionofretrievaloftheproposedapproachcanbeimprovedbyconsideringthetextsassociated
withtheimages.Animagerelatedinformationcanextractfrom<img>Tag,whichcontainsboth
attributesandtexts.Typically,thedesigneruses24attributestodesignanimageandisdividedinto
4Levelsbasedonitscharacteristic.Thisdivisionhasbeendoneassameastheearlierwork,called
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ATTRIBUTEs-basedmodel.Eachlevelcontainsthesetofattributesofthesamecharacteristicswith
theweight.

LetIbeasetofimagesexistinWPandits<img>Tagssays I i i i
I

= { }1 2
, ,... ,whichcontains

bothattributesIA ia ia ia
IA

= …{ }1 2
, , andtextsT t t t

T
= …{ , , }

1 2
.AL = al al al al

1 2 3 4
, , ,{ } arefour

differentlevelsandWT= {wt1, wt2, wt3, wt4}areweightsrelatedtoeachlevel.Thesubset ′I given
inEquation(5),extractsallimagescontaintexts:

′ = ( ) ∀ ∈ ( ) ={ } ≤ ≤ ≤ ≤ ≤ ≤I i wp i I and f t i where x T y I j WP
y j y x y
, , , , ,   1 1 1 1  (5)

wherethefrequencyofeachtextisdefinedas:

f T I: ,× → { }1 0 

f t i
if i contains t

otherwise
where x T

x y
y x, ,( ) =








≤ ≤
1

0
1

   
    and y I1≤ ≤  (6)

Asetoftextswithitsattributeareavailableat ′T fromthesubset ′I isshowninEquation(7):

′ = ( ) ∀ ′ ∈ ∃ ∈ ∃ ∈{T t ia wp I I t s t for each t T some ia IA
x z j x x z
, , .         }}
≤ ≤ ≤ ≤ ≤ ≤

,

,where x T z IA and j WP   1 1 1


(7)

Atextwithitsassociatedfrequency,weightanddocumentidisshowninEquation(8),where
weightassignedbasedonATTRIBUTEs-basedmodel:

g T IA N: × → 

TR
t f t I wt wp for each ia contain in T
x x lw j z=

′( )( ) ′ ∃, , , ,               

       

al AL

s t g t ia wt if al contains ia and f t
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1 4 1 1 II z IA and j WP,1 1≤ ≤ ≤ ≤   



(8)

TRconsistsof interestedinformationofeachtermandcanbedefinedas therelationshipof
<tx,fx,wtx,wpj>asfollows.Actually,atermfromdifferentimagesofsamedocumentcanrepeatmany
timesinTR.Therefore,thetotalfrequencyandattributeweightofeachtermforadocumentcanbe
calculatedas:

Imgf TR TR N

Imgwgt TR TR N

:

:

× →
× →



Imgf t wp f
x j x
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m
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Imgwgt t wp f wt where j WP a
x j x x

x

m

x

m

, ,( ) =










≤ ≤
==
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11

1  nnd x RA 1≤ ≤  (10)

wheremisthetotalnumberofsametermsinwpj.WhilecomparingEquation(10)with4,thetotal
weighthasbeentakenforattributeweightcalculationofaterm.Thisisduetotheattributesare
obtainedfromthesame<img>Tag.Now,anotherpostinglist(PLI)foreachtextfromtheimagesis
storedintheinvertedindex(II),whichrepresentsas<WP,Imgf,Imgwgt>.Anewlyproposedweightin
postinglistsofeachtermas<<PLT>, <PLI>>.Theuserqueryprocessthesepostingliststocapture
semanticofwebpages.Retrievaltaskforagivenqueryisdiscussedasfollows.

3.3. Retrieval Phase

Oncetheuserentersthequery ′ = ′Q q q q
Q

{ , , }
1 2
… ,suchthatq Qα ∈ ′ ,themappingwillbehappened

between qα and itα ,anindexedterminII.Eachindexedtermholdspostinglist,say,PLT,which
contain< ′ >wp w fβ α β α β, ,

, ,
.Here,theweightoftextexistsinTAGrepresentsaswα β, ≥ 0 .Ifdoesn’t

exist,theweightwillbewα β, = 0 .Finally,therankingisdoneusingtheweightanditiscomputed
foreachdocumentasbelow:
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     t qα α≡  (11)

Letn wp( )′ bethenumberofdocumentscontainingitα ineither<TAGs>or<img>.Different
weightsofthesametextcontainindifferentdocumentsaregivenasχ .Sβ isascoreofindividual
documentanditsrangevarybetween:

0
2

,n
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4. eXPeRIMeNTS

TheexperimentsarerunusingTerriertovalidatetheproposedtext-weightingmethodbasedonTAGs
andATTRIBUTEsweights.WechoseTerrierbecause it is renownedopensourcesearchengine
thathasbeenvalidated(ladhOunisetal.,2005).Theimpactoftheproposedapproachisshownby
modifyingeachmoduleinTerrierwhichhasbeendescribedasfollows.

4.1. experimental Setup
Theterrierisahighlyefficient,effectiveandflexiblewebsearchthatreadilydeployableonlarge-
scalecollectionsofdocuments.Itconsistsoftwomainfacetsnamelyindexingandretrieving.Source
codesofthesefacetsaremodifiedtoincorporateourneeds.

4.1.1. Indexing and Retrieval Phases
Initially, the set ofwebpages is extracted from the collections.The customizationhasbeen
doneintheindexingphaseofTerriertoextracttheTAGsalongwiththerawtextsintheweb
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page.TextsareembeddedwithinlotsofTAGs,amongthem;theTAGwhichexistsinthehigher
levelofTAGs-basedmodelisconsidered.ThenthetextsanditsrelatedTAGarereturnedto
theTermPipeline.TextspassedthroughtheTermPipelinearestemmedusingPorter’sEnglish
stemmeralongwiththeremovalofstopwords.Eachtermhasthreefundamentalproperties,say,
thepositionof thetextoccurs in thewebpage, thefrequencyofoccurrences,TAGinwhich
thetextoccurs.TheTAGweightofthetextisappliedaccordingtotheEquation(1).Further,
thesametextinawebpagecouldbere-occurredmanytimes,whoseTAGweightiscalculated
basedonEquation(4).Eventually,thetextscontainedin<img>tagareweightedasinEquation
(10).Usingthetextsandrelatedinfo,theinvertedindexisbuiltanditwritestotheappropriate
datastructure.Inretrievalphase,thequeriesarereadfromthetopicsfileanditisprocessed.
Alltheretrievalparametersareusedtodeterminethewebpagesmatchaspecificqueryandthe
webpagesarescoredwithrespecttoaquery.Weightingmodelisemployedtoassignascoreto
eachofthequerytermsinawebpage.ItrepresentstheretrievalmodelthatisgiveninEquation
(11)toweightthetermsofawebpage.Thematchingmoduleusesaweightingmodeltoassign
aweighttoeachqueryterminawebpage.

4.2. datasets and Queries Used
Fourcollectionsareusedfortheexperimentalresults,.GOV2,WT10G,ClueWeb09andour
owncrawledwebpages.The.Gov2(topics701-850)collectioncrawledfrom.Govdomain,
whichcontains25milliondocumentswith426GBinsize.IthasbeenemployedintheTREC
2004, 2005 and 2006 TB tracks. The WT10G is a medium size crawl of web document
collectionsthatisusedintheTREC9and10webtracks.Thetopicsregardthisdatasetis
451-550.TheClueWeb09isaverylargeTRECtestcollection,andiscurrentlythelargest
crawlof theWeb.The categoryBofClueWeb09 is used, that contains about 50million
EnglishWebpages. Itsassociated topicsareconstructed from three topic fields,namely,
title,descripitiveandnarrative inTREC2009web topics.The fifty topics released from
theadhoctaskofTREC2009ontheClueWeb09corpusarerandomlytakenforevaluation
purpose.Finally,theuncontrolleddatasetisgeneratedusingGoogleandthequeriesrelated
tovariousdomainssuchascolleges,Universities,Institutes,researchcenter,flower,famous
leaders,newspapers,sports,cinefield,tourism,etc.,areprovidedasaqueryintoGoogleand
foreachquery,thetop-500linksarecollected.Thiscollectioncontainsatleastonequalified
imageoneachwebpageandthoselinksaregivenasinputtothecrawlerforfetchingthose
particularpages.Thewebpagesassociatedwitheachqueryaresavedinarepository.The
aimistoevaluateandinvestigateretrievalapproachesusingthisheterogeneouscollectionof
webpagesthatarebrowsedbyuserswithvariousinformationcategories.Thetotalnumber
ofwebpagesinthedatasetis2,59,818thatcovervarioustopicsofinterestandeachpage
includes the mixed and overlapping of text/ images. The queries for this heterogeneous
databasearetakenfromn-gramsdata(2,3,4,5-wordsequences,withtheirfrequency)and
itisavailableathttp://www.ngrams.info/.

4.3. Performance Measures
AproposedIRmodeldesignedusingtheTerrierplatformisevaluatedwithIRmeasures.Itincludes
Precision @ 5, Precision @ 10 and Mean Average Precision (MAP). These measures could be
essentialforusualwebsearchtasksbecausetheuseriswillingtoseeonlythetopfewwebpages
andwouldexpectasmanyrelevantdocumentsaspossibleinthetop-kretrievedresults.Toascertain
theoutcomeoftheoutput,wehaveformedagroupcontaininggraduate,undergraduateandresearch
studentsfromdifferentdisciplineswhogivefeedbackabouttheproposedmodelforthequeriesin
topicsfile.Usersareaskedtoexaminetheresultspagesbyopeningthepageandidentifythemost
relevant,partiallyrelevantandirrelevantwebpages.Basedonthefeedback,theresultsarevalidated
anddetailedasbelow.
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4.4. Results
Theresultsofexperimentsdonefortheproposedapproacharediscussedinthissection.Initially,
thequeriesofvariescollectionsareprocessedinthebatchmodeofthetopicfile.Itreadsintothe
Terrier,where the indexedweighteddocuments of the four collections are usedby the retrieval
modeltoassignascoreforthewebpages.Accordingtothedegreeofrelevance,thewebpagesare
sortedandrankedtotheusers.Theuserexaminesthisrankedlistfromthetop.Themainobjective
oftheproposedapproachtohelpthewebuserstofindthemostrelevantwebpageswithlesseffort.
Basedontheobjectivesoftheproposedapproach,P@5,P@10andMAPareconsideredasretrieval
performanceevaluation.Terriersuppliestwowell-knownrankingfunctionswhichincludeTF-IDF
andBM25inordertofacilitatethecross-comparisonbetweenthedevelopedmodels.Therefore,we
usedfivedifferentrankingsystemsforthecomparisonpurpose.Thefirstistheproposedworkand
theotherfourarerenownedfunctionsinIRliteratureandtheyhaveusedintheTRECevaluation
study.ThefunctionsareTF-IDF,BM25,Titleextractionapproach(Xueetal.,2007)andGA-based
approach(Fanetal.,2009),DecisionTreeInduction(Nehaetal.,2014),PageContentRank(kadryet
al.,2013andkaushiketal.,2017)andwebdocumentreranking(Zhaoetal.2017)willbeconsidered
asaretrievalbaselinefunctionforcomparisons.

Inabsenceofgroundtruthvalue,theperformanceisevaluatedusingPrecisionwhichisastandard
measureininformationretrieval.PrecisionisdefinedinEquation(12)andismeasuredbyidentifying
thetop-5and10resultsforeveryqueryandcalculatetheaverage:

Precision
No of relevant documents retrieved

Total no of
=

.

.

    

   ddocuments retrieved 
 (12)

InTables1and2,theaverageprecisionoftop-5and10webpagesisshownforallthecollection
anditisnoticedtheproposedapproachoutperformthecomparativeapproaches.Thebaselinefunctions
TFIDFandBM25arefailedtoweighteachtextbasedontheappearsanditsoutcomedegrades.The
performancebyXueetal.andFanetal.aremoreorlesssimilarandhoweverlowerthantheproposed
approach.TheaverageprecisionoftheproposedandFanetal.approacharerangedfrom75-90%
and40%-60%respectivelyforthetop-5results.Itshowsthatthetop-5webpagesdisplayedinthe
proposedapproachforthegivenqueriesarefoundtoberelevant.Eventhemaximumachievedan
averageprecisionforFanetal.andXueetal.are60%and45%respectivelyforthetop-5webpages.
Thisisduetothefactthatthesealgorithmstypicallytakeonlyfewstructuralinformationsuchas,
anchor,title,abstractandbody.Moreover,equalweightisassignedtothetextsappearinthedifferent
structuralpositioninthedocument.

Besideshavinghighvalueofprecision@5and@10,itisalsoimportanttoestimateMeanAverage
precision(MAP).Itisanaverageprecisionatrelevantdocumentexist.Itdeterminesprecisionateach
pointwhileanewrelevantwebpageretrievedandisshowninEquation(13):

MAP

Ave P q

Q
q

Q

= =
∑  ( )

1  (13)

whereQisthetotalnumberofqueries.ItisobservedthatMAPwiththeproposedapproachisout
performingallothercomparativeapproaches.Itperformancevarieswithintherangeof45-60%for
theproposedapproachandforrecentcomparativeapproachitvariesbetween20-40%.Thisisdueto
thefactthatmostofthetextsappearindifferentstructuralpositiononthewebpagesareweighted
dependingontheirnature.Thisdiscriminatenatureofeachtextwithotherswilleffectivelycapture
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thesemanticsofeachwebpageintheweb.Further,theproposedweightingmodelisusedtoassigna
validscoretothewebpagesthatplacetherelevantpagesinthetopofretrievalset.Inadditiontothe
entireaboveoutcomeoncontrolleddatacollections,itisalsoessentialtoestimatetheperformance
oftheproposedapproachoveruncontrolleddatacollection.ItisdepictedintheTables1-3thatthe
outcomevaluesoftheproposedapproachforuncontrolledcollectionarehighercomparedtotheother
collections.Thereasonisthecrawledwebpagescontainatleastmorethantwoimages.Hence,both
thetagsandattributesweightsofthetextgiveahigherscoretowebpage.Itisinasimilarrange
oftheothercomparativeworks.Itisconcludedtheperformancerateoftheproposedapproachis
encouragingcomparedtotherecentbaselinerankingfunctions.

5. CoNCLUSIoN

Usually,retrievalsystemreturnsalargenumberofwebpagesforauserquery.Whiletheusersvisit
thewebpagesthatarerankedhigherasitassumedthattheyaremorerelevanttothequery.Itis
foundtobetedioustodisplaythemostrelevantwebpagesintopresults.Thisisduetotheranking
mechanismusedbytheconventionalsystemisineffective.Typically,theretrievalsystemconsiders
varioustechniquesforranking,suchaslinkbased,connectivitybasedandkeywordbasedtechniques.
Wefoundthekeywordbasedtechniqueeffectivelyretrievestherelevantwebpages.Inthiswork,an
opensourceTerrieriscustomizedtoextractTag-textpairsofthewebpageandweightisassigned

Table 1. Performance metrics for Precision@5

Coll. Topics TFIDF BM25 Xue 
et al

Fan 
et al

Neha 
et al

Kadry 
et al

Kaushik 
et al

Zhao 
et al TAGs_ATTR

GOV2 701-850 0.281 0.414 0.450 0.582 0.378 0.459 0.381 0.541 0.8534

WT10G 451-550 0.187 0.314 0.413 0.579 0.328 0.514 0.45 0.521 0.7865

ClueWeb09B 50Topics 0.181 0.289 0.303 0.462 0.426 0.443 0.34 0.511 0.7402

UnCont.DB 5-grams 0.150 0.231 0.259 0.383 0.335 0.371 0.47 0.569 0.8973

Table 2. Performance metrics for Precision@10

Coll. Topics TFIDF BM25 Xue 
et al

Fan 
et al

Neha 
et al

Kadry 
et al

Kaushik 
et al

Zhao 
et al TAGs_ATTRIBUTEs

GOV2 701-850 0.272 0.326 0.338 0.514 0.313 0.211 0.220 0.341 0.7980

WT10G 451-550 0.171 0.311 0.317 0.434 0.351 0.129 0.231 0.412 0.7514

ClueWeb09B 50Topics 0.173 0.225 0.245 0.274 0.213 0.113 0.242 0.472 0.7062

UnCont.DB 5-grams 0.134 0.173 0.218 0.211 0.251 0.218 0.440 0.519 0.8259

Table 3. Performance metrics for mean average precision

Coll. Topics TFIDF BM25 Xue 
et al

Fan 
et al

Neha 
et al

Kadry 
et al

Kaushik 
et al

Zhao 
et al TAGs_ATTRIBUTEs

GOV2 701-850 0.244 0.305 0.359 0.383 0.212 0.121 0.152 0.311 0.5794

WT10G 451-550 0.186 0.210 0.243 0.340 0.238 0.142 0.161 0.281 0.4648

ClueWeb09B 50Topics 0.174 0.206 0.208 0.329 0.251 0.173 0.154 0.300 0.4316

UnCont.DB 5-grams 0.153 0.183 0.121 0.202 0.254 0.154 0.148 0.292 0.5925
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tothetextbasedonthecharacteristicofTagwithwhichitisassociated.Eventually,theweightis
assignedtotheAttribute-textpairin<img>tagaccordingtoattribute-basedmodel.Finally,allthe
weightsrelatedtoatextinthewebpagearesummedusingtheproposedweightingformula.The
GA,HS,andPSOalgorithmsareusedtoselecttheinformativetermsbasedonweightandindexed.
Whileuserentersthequery,thematchingbetweenqueryanddocumenttextsaremadeandrelevant
documentsarerankeddepandonthescore.Theperformanceoftheproposedworkwascompared
against fivebaseline functionusingrenownedbenchmarkcollections. It found that theproposed
approachachievesmaximum90%precisionforthebatchqueries.
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