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ABSTRACT

Duetotherapidincreaseofinternet-baseddata,thereisurgentneedforarobustintelligentdocuments
securitymechanism.Althoughtherearemanyattemptstobuildaplagiarismdetectionsystemin
naturallanguagedocuments,theunlimitedvariationanddifferentwritingstylesofeachcharacterin
Arabicdocumentsmakebuildingsuchsystemschallenging.Basedonitspositioninaword,thesame
Arabiclettercanbewrittenthreedifferentways,whichmakesthehandwrittencharacterrecognitiona
cumbersomeprocess.Thisarticleproposesanintelligentunsupervisedmodeltodetectplagiarismin
thesedocumentscalledASTAP.First,ahandwrittenArabiccharacterrecognitionsystemisproposed
usingtheGreyWolfOptimization(GWO)algorithm.Then,amodifiedAbstractSyntaxTree(AST)
isusedtomatchthecontentsof theArabicdocuments todetectanysimilarity.Comparedtothe
state-of-the-artmethods,ASTAPimprovestheeffectivenessoftheplagiarismdetectionintermsof
thematchedsimilarityratio,theprecisionratio,andtheprocessingtime.
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AN INTRODUCTION

Theever-increasingsmartinformationprocessingservicesandapplicationsofferedbytheInternet
haveexplosivelywidenedthespanoftheglobalinter-network.Therecentadvancementsindesigning
low-cost small scaled devices have harbingered a great surge in the number of Internet-enabled
deviceswhichgenerateabigamountofdata.Accordingly,internetdatamanagementfordiscovering
plagiarizeddocumentsplaysavitalroleinmanyapplicationssuchasfilemanagement,copyright
saving,andelectronictheftprevention(Lam,etal.,2016;Abdietal.,2015).Plagiarismnotonly
dependsonthecontentratiothatiscopiedbutdramaticallyrelatestousingtheworkofothers,i.e.,
ideas;withoutpropercitation(Kahloula&Berri,2016;Abdelrahman&Khalid,2014).

InInternet-baseddocumentprocessingapplications(Chen&Zhao,2017),theArabiclanguageis
consideredoneofthemostcomplicatedlanguages,especiallyifthedocumentcontainshandwritten
words.The featuresofArabic alphabetshavevarious shapesof thewritten formbasedon their
positionandcanbeextendedbymakingadashbetweenthetwoletters.ForArabicinelectronicor
printedmedia,nopronouncementmakesmisunderstandingforsomewordsinaninevitablesituation.
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licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthoroftheoriginalworkand

originalpublicationsourceareproperlycredited.



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

43

ThesechallengesmaketheplagiarismdetectioninArabicdocumentsanarduoustask.Dependently,
manymachine learningandartificial intelligencebasedmethodshavebeendeveloped (Hussein,
2016;Wise,2012).Forexample,anonlineArabicplagiarismdetectiontoolcalledAPD(Alzahrani
&Salim,2015)isproposedtodetecttheplagiarismontheArabicwebpages.However,thistool
doesnothandlethesynonymsalternationsortherewordingproblem.Toavoidthat,anothersystem
calledPlaggie(Ahtiainenetal.,2011)isproposed.Besidesitsdisabilitytohandlethehandwritten
documents,PlaggieneedsalongprocessingtimetomanageacomputerizedArabicdocument.

DuetotheHuggingofinformation,andcorrelationnetworks,thediscoveryofelectronicthefts
isadifficulttask,andthediscoveryofthetheftsstartedintheArabiclanguageandthemostdifficult
tasknodoubt.Andinlightofthegrowinge-learningsystemsintheArabcountries,thisrequires
specialtechniquestodetecttheftselectronicwritteninArabic.Andalthoughitcouldusesomesearch
engineslikeGoogle,itisverydifficulttocopyandpastethesentencesintothesearchenginesto
findthesethefts.Forthisreason,itmustdevelopagoodtoolforthediscoveryofelectronicthefts
writtentheArabiclanguagetoprotecte-learningsystems,andtofacilitateandacceleratethelearning
process,whereitcanautomaticallydetectelectronictheftsautomaticallybythistool.

Thispapershows,ASTAP,asystemthatworksontheInternettoenablespecialiststodetect
theftsofelectronictextsinArabicsoitcanbeintegratedwithe-learningsystemstoensurethesafety
ofstudentsandresearchpapersandscientificthesesofelectronicthefts.

Thepaperalsodescribesthemajorcomponentsofthissystem,includingstageoutfitted,andinthe
end,wewillestablishanexperimentalsystemonasetofdocumentsandArabictextsandcompared
theresultsobtainedwithsomeoftheexistingsystems,particularlyTurnItIn.

Accordingly,anewplagiarism_detectionsystemhasbeenproposed in thispaperwhichcan
handle the internet based handwritten Arabic documents called ASTAP (Abstract Syntax Tree
ArabicPlagiarism).ASTAPconsistsoftwomainphases.ThefirstoneaimstoprovideanOptical
CharacterRecognition(OCR)toolforinternet-basedhandwrittenArabicDocuments.Theproposed
OCR has two primary functions, feature extraction and feature selection. The feature extraction
processaimstoremoveredundancyfromhandwrittenArabiccharacters.Whileintheselectedfeature
themostrelevantareonlyreservedforimprovingtheaccuracyclassification.TheproposedOCR
isimplementedusingawell-knownoptimizercalledGWO(Seyedali,etal.,2014)thatisusedto
optimizeacharacterfeaturesselection.ThesecondphaseofASTAPaimstodetectthesimilarityof
ArabicdocumentsusingamodifiedAST(Aiken,2015;ElBachir&Bagais,2014).Foreachnode
oftheAST,thealgorithmdeterminesthehashvalueofASTandcomparesitwiththeothernodesin
theformofnodebynode.Also,thealgorithmcomparessub_treesbasedonthetree_structurewith
somereductionintheexecution.Wehaveimprovedthewayofsyntaxtreesimilarityandproposed
aplagiarismdetectionalgorithmthatrearrangesthenodesofASTtothelongitudinalframework.
ThemodifiedASTconsistsoffivecomponents:ASTconstruction,hashvaluecomputation,node
classification,hashcomparison,anddegreeofsimilarityevaluation.

Thereare twomaincontributionsof thatpaper.First, an intelligentunsupervisedmodel for
internet-basedhandwrittenArabiccharacterrecognitionsystemisproposedusingGWOalgorithm.
Second,amodifiedASTisproposedformatchingthecontentsoftheArabicdocumentstodetect
anysimilarity.Theproposedsystemimprovesthesimilarityaccuracyfortheplagiarizeddocument
byreplacingthewordsynonymsandminimizingtimeconsumptionbyenhancingtheperformance
ofASTalgorithm.

Therestofthispaperisorganizedasfollow:Section2presentsanoverviewofthedifferentrelated
works.Section3describestheworkingstepsoftheproposedsystemASTAP.Section4explainsthe
methodologyandtheinternalASTAPcomponentsandtheirrolesindetectingadocumentsimilarity.
Section5presentsadiscussionoftheresults.Finally,Section6concludesthepaper.
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RELATED wORKS

Asgeneral,manytypesofresearchaimtodetectdocumentssimilarities.Despitetheenormousefforts
todiscoverthesimilarityofArabicdocuments,mostofthepreviousworkfocusedtheelectronicform
ofthesedocuments.Thispaperisthefirstattempttowardsdetectingplagiarismininternet-based
handwrittenArabicdocuments.

Acontent-basedsystem(Chen&Zhao,2017)foranalysisandvisualizationtheArabicdocuments
matchingwasproposedusingLatentSemanticAnalysis(LSA)andTF-IDFmodels.However,thisis
asimplesystemthataimstohandlelightcontentdocumentswithalimitedcountofwords.Besides,
itdidnotprovideawaytohandlethesynonymsalternationsortherewordingproblem.

In(Hussein,2016)aproposedalgorithmisusedtoevaluatetheperformanceofthedocument
visualizationsmethodologiestodetecttherelationshipsinsideandbetweenthegraphiccomponents
ofthosedocuments.Recentlytheessentialconceptsofdesigndocumentvisualization,andchallenges,
aswellashopefulsidesoffuturedevelopment,havebeencheckedout.

(Subba, 2014) proposed an anti-plagiarism, automated, and flexible grading system for
assignmentsWeb-CAT.Itworksasane-learningsystemtotestsoftwareandhelpsthestudentsfor
automaticallyassesstheirassignments.Also,thetestsofferedanumberofpossiblefuturesaddsit
doesnotclearifitisanopensourceornot.

Plaggie (Ahtiainen, et al., 2011) developed an open-source plagiarism detection system for
detectingmatchesbetweentwosourcecodefiles.However,ifthenumberofsendingfilesislarge,
Plaggietakesmoretimeandefforttoexplaintheresult.

(Aiken,2015)developedaweb-serviceMoss.Itcanmeasurematchesbetweendocumentsand
usesanalgorithmcalledwinnowingfingerprinting.Thefingerprintingsplitsadocumentintohashed
sub_stringsnamedk_grams.Next,thesefingerprintsareusedtomatchcouplesofprograms.Asa
finalpoint,theresultscomeoutasanHTMLoutputonitsprivateserverfortwoweeksandgivethe
URLtothecustomer.

(ElBachir&Bagais,2014)APlagisanothersystemfordetectingplagiarisminArabicdocuments.
APlaghas threemainoperationscalled tokenization,stopwords removing,androotsconversion.
Besides its disability to handle the handwritten documents, APlag cannot handle the synonyms
alternationsproblem.

SRL(Osman,etal.,2012)isusedtobuildaplagiarismdetectionschemebyproducingarguments
foreachsentencesemantically.Theproposedschemaaimedtohandleamulti-languagedocument
includingArabic.However,anextendedanalysisisrequiredtoevaluateitseffectivenessinArabic
documents.

(Grozea&Popescu,2011)proposedacross-lingualmethodfordetectingplagiarizeddocuments
usinganarithmeticalmodeltoevaluatethematchesbetweenassumedandoriginaldocuments.Their
method uses an English-Spanish dictionary to detect matches in cross-language. In their future
work,theauthorsaimtoenlargetheirsystemtoincludemorecomplicateddocumentswithdifferent
languages,suchasArabicdocuments.

(Mozgovoy & Frederiksson, 2014) developed a detection system with online and offline
subsystems.Onlinesubsystemmatchesdetectionsystemwhichcanreviewtextforcrumbsthatcan
befoundinthewebsearchengineswhereofflinesubsystemmatchesdetectionsystemoperateson
textintoaspecificcollectionwhichcanalsoreviewthedatastoredinalocaldatabase.

(Chow&Salim,2013)havedevelopedastructure-basedplagiarismdetectioninprogramming
codecalled JPlagatKarlsruheUniversitywhich isnot anopen sourceandconsequentlycannot
bespreadbytheusers.Conversely,JPlagchangescodesintosometokensequencesthatbasically
symbolizetheprogram.Thencodesarematchedincouplesusinganalgorithmcalled‘Greedy_String_
Tiling’TheoutcomeshavecomeasHTMLfiles.JPlaghelpstheSchemeofsomeprogramming
languagessuchasJava,andnatural_languagemanuscript.
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(Clough,2014)havedevelopedanopen-sourceplagiarismdetection systemPlaggie isused
single for Javacodesandcanbe spread.Plaggieoutcomesbyconfigurationparameterswanted,
PlaggielookslikeJPlag,butitisaJavaapplicationstand_alonecommand_lineandhastobesetup
locally.TheyusetokenizationandGreedyStringTilingalgorithmsfordetectingmatchesbetween
twosourcecodefilesnamelyfollowedbytheGST(Greedy_String_Tiling)algorithm.Theoutcomes
recoveredasHTMLfiles.However,ifthenumberofsendingfilesislarge,Plaggietakesmoretime
andefforttoexplaintheresultbecauseitdoesn’tusegroupingtodisplayoutcomesinsteaditdisplays
allmatchesinalist.

(Borner,etal.,2012)haveintroducedasystemtocheckthePlagiarisminArabicdocuments.
Itusestokenization,removesstop-words,andconvertthewordstotheirrootsinthepreprocessing
phase,afterthatthewordsareswitchedtotheirsynonyms.

APD (Si, et al., 2012) is proposed as an e-learning tool for Arabic plagiarism detection in
web-baseddocuments.APDhelpstheusersofane-learningsystemtoidentifyplagiarizedonline
documents.APDallowstheteacherstochecksimilarityratioofthestudents’assignmentsthatthey
submittedtothee-learningsystemaftersearchingonlineforthemostrelatedcontents.However,the
systemdoesnothandlethesynonymsalternationsortherewordingproblem.

Consequently,Turnitin(Alzahrani&Salim,2008)isawell-knownsystemwhichisusedmostly
toevaluatestudents’worksateducationalinstitutions.Itusesacloud-basedservicefororiginality
checking,onlinegrading,andpeerreviewsavesinstructorstimeandprovidesrichfeedbacktostudents.
Itconsistsof3maintools:PeerMark,GradeMarkandOriginalityCheck.However,thesystemisfragile
whenhandlingthesynonymsalternationsanddoesnottreattherewordingproblem.Furthermore,it
istoohardtotrackthesimilaritiesofthecomparedtexts.

(Alzahrani&Salim,2015)proposedastatement-basedArabicplagiarismdetectionsystembased
onfuzzy-setinformationretrievalmodel.Theirproposedsystemisbasedoncomputingthesimilarity
betweentwostatementsandthencomparingittoathresholdvalue.However,theirproposaldoes
nottakeintoaccountthesentenceparaphrasingwithdifferentsynonyms.Moreover,dealingwiththe
variousinflexionformsforthesamewordswerenotconsidered.

ASTAP Components and working Steps
Asmentionedpreviously,ASTAPprovides theability tohandlebothhandwrittenandelectronic
Arabicdocuments.AsshownatFigure1,themainoperationsofASTAPinthesetwodifferentcases
aremostlythesameexceptonlyoneadditionalOCRfunctionthatisneededtoconvertthedocument
toitselectronicform.

Thesourcedocumentretrievalmoduleholdstheusersubmitteddocumentinanelectronicform
whichcontainstextpreprocessingmodule,querygenerationmoduleandquerysubmissionmodule.
Thepreprocessingmoduleaimsatdoingthreemaintasks:1-Tokenization,2-RemoveStopWords
and3-ReplacementofSynonym.

TheframeworkofASTAPissubdividedintothreemainmodulesasshowninFigure2.First,
documentregistrationmodule(includingsubmittedmodule,sourcedocumentretrievalmodule,and
DocumentRepresentation).Second,databasemodule(includingsourcedocumentscollection,and
webSaudiDigitalLibrary(SDL)(Elhosenyetal.,2017).Third,similaritydetectionmodule(including
SimilarityComputationmodelandSimilarityReportGenerationmodule).

TheTokenization(Wang,etal.,2016)isresponsibleforbreakingthestreamofcharactersinto
tokens.Withoutrecognizingthetokens,itishardtoseeextractinghigher_levelinfofromthetext.
Eachoneisakindofatype,sothenumberoftokensismuchhigherthanthenumberoftypes.A
computersoftwarewouldcatchthetaskmoredifficult.Therefore,aftertheusersubmitsadocument,
theTokenizationmodulereadsthefileandbreaksitdownintotokens.Thecharacterspacethatwe
suggestisallthetimedelimitersandarenotcalculatedastokens.

Aperiod,comma,orcolonbetweennumberswouldnotusuallybeconsideredadelimiterbut
ratherpartofthenumber.Anyothercommasorcolonsaredelimitersandmaybetokens.Aperiodcan
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bepartofanabbreviationwhenspacefollowsit.However,someofthesearetheendofsentences.For
tokenization,itisprobablybesttotreatanyambiguousperiodasaworddelimiterandalsoasatoken.

The Stop_words_Removal and Rooting (Vani & Gupta, 2015) works on the raw manuscript to 
extract terms from text. Remove the non_informative text is usually uses a method in text recovery 
and classification. Stop words characterize the regularly happening, unimportant words that seem 
in a text file. Public stop words in English such as a, an, the, in, of, on, are, be, if, into, which, 
Whereas stop words in Arabic include: “) ,”من, إلى, عن, على, في . (“بسم”, “الله”, “الرحمن”, “الرحيم”), “الله 

Figure 1. The ASTAP main operations
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 الذى”, “لا”,, “عبد”, “عبيد”, “هذا”, “هذه”, “هذان”, “هتان”, “هؤلاء”, “انت”, “انا”, “نحن”, “إني”, “إنني”, “انتما”,
 “انتن”, “أيا”, “ايها”, “ايتها”, “كان”, “امسى”, “اصبح”, “صار”, “ليس”, اضحى”, “منذ”, “ماذا”, “لماذا”, “عند”,
 “متى”, “كيف”, “كيفما”, “اين”, “اينما”, “الذي”, “التي”, “الذين”, “اللائي”, “اللاتي”, “بما”, “لمن”, “لأن”, (“لا”, “اله”,
 “الا”, “الله, “النبي”, (“القرآن”, “الكريم”), “إياي”, “إياك”, “إيانا”, “اياكما”, “اياكن”, “اياه”, “اياها”, “اياهما”, “اياهم”,
 “اياهن”, “أيان”, “اينما”, “حيثما”, “كأن”, “ويكأن”, “هيهات”, “شتان”, “سرعان”, “مهما”, “الى”, “على”, “إذا”, “لولا”,
 etc. These words do not.... ,““لما”, “ما زال”, “ما دام”, “بات”, “ما برح”, “ما انفك”, “كاد “, “اوشك”, “عسى
provide important meaning to the documents.

So, they should be deleted to minimize ‘noise’ and the calculation time. Some practitioners 
have felt that normalization more aggressive than stemming is advantageous for at least some 
text-preprocessing applications. These stemmers intend to reach a root form with no derivational 
prefixes and suffixes. For example, “ سألتمونيها “ is reduced to the stem “ سأل ”.

Figure 2. The ASTAP Framework
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The final outcome of such violent stemming is to decrease the number of types in text group, thus 
creation distributional statics more consistent. Moreover, Word Stemming (Sindhu & Idicula, 
2015) or Rooting: It will be altered to the word’s basic shape. Firstly, the documents are broken 
down into words. Secondly, the words are characterized by their stems, for example, ‘‘ ,’يمشي 
.’ مشى ‘ would be represented by the stem ’ تمشي ‘ and ’المشي

Thegroupsetoffeaturesisusuallycalledalexicon,anditworksasaninputatexttoken.Some
rulesmustbedefinedsuchas token length, tokencontent, tokenends if the tokenhasa special
characterandwhattodoifthetokenhasaspecialword.

formerlyreconnoitered
UsingtheSynonym(Sahi&Gupta,2016)Replacement,thewordsaretransformedtotheirmost

commonalternativewordwhichcanassisttofinedadvancedformsofunseenplagiarism.Thefirst
alternativewordinthelistisconsideredasthemostcommonone.

After processing the document, the query generation module starts its work to generate all
possibleparameterusedforquerysubmissionmodule.Then,thequerysubmissionmodulesends
allthequery’sparameterstoSDL(SaudiDigitalLibrary)tosearchthewebforpossibleplagiarized
documents.Dependently,thesourcedocumentcollectionmoduledownloadsthesearchingresults
fromSDL.Thesearchingresultsarethenpreparedintherequiredfileformat,i.e.,Docx,orPDF.
Thedocumentrepresentationcomponentcreatesadocument_tree_structurethatdefinesitsinterior
demonstrationandfilterstheplagiarizedsourcedocumentstosaveitintherepository.Usingthe
similaritycomputation(Sharma&Jindal,2016)module,treedefinition(Thompson,etal.,2015)
ismadeforeachdocumenttodefineitsreasonablestructure.Thus,therootdefinesthedocument
himself,thenextleveldefinestheparagraphs,andthenextnodesdefinesthesentences.Itisintended
toescapeunimportantassessmentsamongsomedocuments.Treesareformerlyreconnoiteredtop-
downandcomparedfirstatthedocumentlevel,thenattheparagraphlevelandattheendatthe
sentencelevel.Finally,thesimilarityreportgenerationmodulegeneratesareportfortheplagiarized
documentsincludingthesourcesandtheirURLs.

ASTAPisconsistsofthreemajormodules,itcanbeclassifiedintothreemajormodules:Document
registrationmodule,databasemodule,Similaritydetectionmodule.

1-DocumentRegistrationModule

Document registration module or source document retrieval module used to preprocess the
textandprepareitforsimilaritydetectionandaddthedocumenttothedatabase.Foragiveninput
document,addTheworkflowinthedatabaseis:

(1) foragivendocumentD,calculatetheDfdigitalfingerprint;
(2) querythedatabasewhetherthereisthesamedigitalfingerprint;
(3) Ifthedocumentexists,skipthisdocumentandgoto(i);otherwise,thesystemautomatically

generatesauniquedocument idnumberSave,and thenadd thedocument idand theactual
documentnametothenamemappinglist;

(4) preprocessingthedocumenttoconvertthedigitaldocumentsofdifferentformatsintoplaintext
formatteddocumentsofuniformformat;
2-DatabaseModule

Thesystem’sdatabaseusingMS-SQLServerdatabase,themaintable,includingtable_filesand
Table_text,respectively,theoriginaldocumentstorageatthetimeofuploadingthedocumentand
thecontentsofthepreprocessedtext.Whichareincludedinthetabletable_filesIdfield,afilefield
tosavethefilename,afingerprintfieldtosavethetextFilegeneratedbythedigitalfingerprint,and
aURLfieldtosavethedocumentstoredintheserver-sidephysicalpath.tabletable_textinclude



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

49

txt_textField,anXML._textfield,asegment_textfield,andasentence_textfield,thecontentsof
whichareexplainedbelow:

(1) txt_textfield,pre-processedtheoriginaldocumenttextformatmakesureitis.doc
(2) xml_textfield,XMLformatteddocuments.XMLformatcontainsdocumentproperties(suchas

title,abstract,etc.)Anddocumentcontent.
(3) segment_textfield,after thedocumentwordsegmentationresults.Content isacollectionof

orderedwords,andmarkeachwordThepartofspeech.Inthewordsegmentationatthesame
timeneedtoremovethetextofthefunctionwordsandstopwords.

(4) sentence_textfield,storedsentencesthatsemanticmeaningofverbs,nouns,andadjectives,as
thedigitalfingerprintofthesentence.
3-SimilarityDetectionModule

Itisthecoremoduleoftheplagiarismdetectionsystem,thesystemgoesthroughthedocument
digitalfingerprintcomparisonanddetermineswhetherornotthedocumentwasplagiarismdetected
beforeoftheexistingdocumentinthedatabase.Root(Val,P),whereValisthedigitalfingerprintof
theentiredocument,PpointstoallParagraphgeneratedfingerprinttree;ParagraphFingerprinttree
node,Par(Vali,Si,C,)whereValiistheI-thparagraphnumberFingerprints,Siisthei-thparagraph

Figure 3. The feature selection optimization model
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allthesentencesgeneratethefingerprinttree,Cpointstoothernodes;thenodesofthefingerprint
treeKi,WhereValiisthedigitalfingerprintofthei-thsentence,Kiisthefingerprinttreeofthe
correspondingtextblockofthissentence,andCistheotherfingerChu(Val,N,V,A),whereValis
thefingerprintofthetextblockandNpointstothenodeofthetextblock,Visacollectionofverbs,
andAisacollectionofadjectives.Whendetectingthematchesoftwodocuments,thefingerprints
arefirstcomparedfromeachother,andifthefingerprintsofthetwodocumentsareidentical,the
documenttobetestedisfullyreplicated.Aparagraphwiththesamefingerprintrecordsitsposition
information,andtheparagraphmatchcounterisincrementedbyone.Iftheparagraphofthefingerprint
isdifferent,findthesentencethefingerprinttreeofthechild,andthesentencefingerprinttree,the
samefingerprintofthesentencetowritedownitspositioninformation,thesentencematchcounter
plusone.andfindthesentencecorrespondingtothetextblockofthefingerprinttree,untilthetraversal
oftheentiretreewhenthematchingtaskiscompleted,

METHODOLOGy

GwO-based OCR
TheproposedOCRconsistsofthreemainphases.Thepre-processingappliesasetofoperationona
rawimagesuchasbinarizationandnoiseremoving.Then,featureextractionandselectionphasestarts.
ThissecondphaseisthecoreoftheOCRfunctionswhichisimplementedusingGWO.Asshownat
Figure3,inthisphase,themostinformativeknowledgeisextractedfromacharacterimagewhich
helpsustorecognizethecharactersinthedocumentandselectionofarelevantfeatureextraction
algorithmisprobablythemostcriticalfactorinachievinghighrecognitionperformance.Finally,the
classificationphaseisessentialbeforefeedingtoOCRasthereisnouniversalOCRwhichrecognizes
multiplescripts.Forthat,weappliedseveralmachinelearningtechniquesincludingSupportVector
Machines(SVM)andRandomforest(RF)(Poulos,2016).

Inthispaper,GWOisdesignedtooptimize/reducethefeaturesubset;asolutionrepresentsthe
featuresubset.Inthissection,wepresentbasicsofGWOalgorithmandourproposedapproachusing
GWOAlgorithmtogetherwithSVMclassifiertofindthebestcombinationoffeatures.Thedataset
isseparatedintotwoparts,exerciseandevaluation.Theinputistrainingdatasetfeaturevectorswith
theircorrespondingclassesandevaluationdatasetinadditiontotheinitializationoftheparametersof
bothGWOandSVM,whereastheoutputistheoptimalfeaturesubset.Radialbasisfunction(RBF)
kernelfunctionisselectedandusedinthispaper,asit’sthemostsufficientforSVM.

Similarity Detection Using Modified AST
Indifferentapplicationssuchasimageanddocumentprocessingapplications(Yuan,etal.,2017)
AbstractSyntaxTree(AST)isasimilaritydetection(Zaher,etal.,2017)algorithmthatanalyzes
similardetectionschemestodetectplagiarismefficiently.Thispaperproposesamodifiedversion
ofAST.Foreachnode,themodifiedASTdeterminesahashvalue(Hattab,2015)andcomparesit
withallothernodes.Also,thealgorithmcomparessub-treesbasedonthetree-structurewithvarious
reductioninitsexecution.ASTAPimprovesthewayofsyntaxtreesimilarityandproposesanew
procedurethatreordersthenodesofASTstothelongitudinalframework.Theprocedureconsists
offivemainworkingsteps.First,itgeneratesAST.Second,itcalculatesthehashvalue(s).Third,
itclassifiestheinformationofthenode.Fourth,itcomparesthesehashvalues.Finally,itcalculates
thedegreeofsimilarity.Moredetailsabouttheproposedprocedurearepresentedinthenextsection.

ASTs Generation
ASTsgenerationisshowninTable1.Initially,toproduceLexicalAnalyzerLA,weuselex,andto
createBasicsAnalyzerBA(ArabicgrammarcalledBasics)weuseyacc.BAandLAactasaseparate
moduletoproduceASTs.Afterpreprocessing,somechangesaremadeonBAandLAtobringthe
symmetricASTsgroups{ST}and{TT}whichhavemanyofthesechanges.Inourproposedsystem,



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

51

awholeASTforanArabicdocumentisproducedfromaclass,aninterfaceorafunction.Suppose
thatthegroupallnodesofAST{TN}isincludedin{TT}and{SN}isincludedin{ST}.Assumethat
TMCisthetotalofallnodesoftheASTin{TT},andSMCisthetotalofallnodesoftheASTin{ST}.

Hash Values Calculation
ThehashvaluesarecalculatedbygoingthroughalltheASTswithin{TT}anddeterminingahash
valueforeachnodebycollectingfromendtotopofthetree.InASTAP,AsseeninFigure4,we
supposethatthehashvalueofthesubtreebynodeXasitstopisknownasHash(x)(Jain&Kumar,
2016),thetypehashvalueofX is x,andsub_nodesofXareC C Cn TN1 2, , ,… ∈ { } whilen ≠ 0,in
whichnhappensn N∈ .Formerly,wehaveanequationasfollows:

Hash x
X Hash Ci n TMC

X n o
i

n

( ) = + ( ) < <

=










=
∑
1

1

0,
 (1)

Also,for{ST}theHashvaluesofallthenodesaredeterminedinthesameway,asshownin
Table2.WhereHash(x)istheHashvalueofthesub_treewhoserootisx; xrepresentstheHashvalue
ofx’stypeandTMCisthetotalofallnodesoftheASTwiththeallnodesin{TT}.

Node Information Classification

TheworkingstepsofanodeinformationclassificationareshowninTable3.ForanynodeX TN∈ { } ,
itsactualinformationincludeslinestartnumberStNx,hashvalueHx,typeofthenodeNdNxlineend
numberEdNxandthenumberofsub-nodesCCx.Theycreatetheinformationvector.

Table 1. Algorithm 1: AST generation algorithm

Algorithm 1. AST Generation Algorithm

1 Input:D:=documenttext

2 Output:SD:=similaritydegree

3 Initialize://abstractclass

4 SetLextoLexicalanalyzerLA

5 SetyacctoBasicsanalyzerBA//(ArabicgrammarcalledBasics)

6 SetTTtotargettext{TT}

7 SetSTtosuspecttext{ST}

8 SetAST{TN}∈ {TT}

9 SetAST{SN}∈ {ST}

10 SetTMC:=countallnodesin{TT}

11 SetSMC:=countallnodesin{ST}

12 //end class
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INFOx=(H,StN,EdN,NdN,CC) (1)

Afterthat,wemakeagroupofthevectorelementshavingthesamenumberofsub_nodes,

INFOx INFON N TN CCN CCx� � � ,� }∈ ∈ { } ={ |  (2)

WhereINFONistheactualinformationnodeNvectorandCCNisthenodeNnumberofsub-
nodes.Therealinformationin{ST}forallnodesisdeterminedinthesameway.

Hash Values Matching
Inthisphase,ASTAPgoesthroughallnodesreferredtotheirtotalofsub_nodesasillustratedin
Table4.Forallnodesthatachievethecasecondition:

Figure 4. Hash values calculation of an AST

Table 2. Algorithm 2: Hash value calculation algorithm

Algorithm 2: Hash Value Calculation Algorithm

1 Input:n,allASTin{TT}

2 Output:hs:=totalhashvaluefor{TT}

3 Initialize:ci:=nodei,TMC:=countforallnodes,x:=nodevalue

4 for eachciin{TT}do

5 if0<n<TMCthen

6 ks:=x+ci

7 Else

8 ks:=x

9 End if

10 hs:=ks

11 Endfor

12 returnhs
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0� � ,≤ < ( )i SMC TMCmin 

ThentheHvaluesofallthecomponentsin

{ | , }INFON N TN CCN i∈ { } = 

arecomparedwiththesein

{ | , }INFON N SN CCN i∈ { } = 

Sincethedifferencebetweentheconstructionsofsub_treesandsub_node,weonlymatchhash
valuesofsub_treeswiththesamenumberofsub_nodes.Comparingallthenodesof{TT}with{ST}.
ForASTs,thealgorithmcomplexityisO n2( ) ,wherenistheminimumonethroughthewholeamounts
of {T} and {S}. Though, when classifying thenodes referred to their number of sub_nodes, the
algorithmdifficultywilldownintherangeof

O
n

MC
andO n� � �

2
2









 ( ) 

where

MC=Min(SMC,TMC)

theminoronebetweenSMCandTMC.ThisallshowninFigure5andFigure6.

Table 3. Algorithm 3: Node Information classification algorithm

Algorithm 3: Node information classification algorithm

1 Input:n,allASTin{TT}

2 Output:INFO(x):=InformationforNodexin{TT}

3 Initialize:StNx=linestartnumber,Hx=hashvaluefornodex,NdNx=typeofthenodex.

4 EdNx=lineendnumberfornodex,CCx=numberofsub-nodes

5 For any nodeX∈ {TN}

6 INFOx=(H,StN,EdN,NdN,CC)x

7 INFOx∈ {INFON|N∈ {TN},CCN=CCx}

8 returnINFO(x)
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Similarity Calculation
Finally,thesimilaritycalculationisshowninTable5.AftertheHashValuesMatching(Bhushan,2015;
Danti,2015)processend,thesimilarityiscalculatedforallnodesthatmeet

INFOx INFON N TN CCN i∈ ∈ { } =�{ | � ,� }  (3)

and

INFOy INFON N SN CCN i∈ ∈ { } =�{ | � ,� }  (4)

ifHy=Hx,whereHxiscomponentnumberoneofINFOxandHy,iscomponentnumberone
ofINFOy.WeconsiderthedocumentcrumbssymmetricwhennodeXandnodeYaresimilar.Then,
weadd(INFOx, INFOy)toagroupandremoverepeatedinformationfromthegroupthatreferred
tothevaluesofStNxandEdNxinINFOxtoavoidredundancycalculationsandmakesagroupof
similarnodeinformationSMINFO.Afterthat,thesimilaritydegreeSD(Elhoseny,etal.,2017)is
calculatedbyusingEq.2.

Figure 5. Hash values matching process



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

55

Figure 6. An example for hash values matching

Table 4. Algorithm 4: Hash values comparing algorithm

Algorithm 4. Hash Values Comparing Algorithm

1 Input:hs(i),hashvaluefornodei

2 Output:H(i),hashvalueforcomparednodei

3 Initialize:

4 TMC=thetotalofallnodesoftheASTin{TT}

5 SMC=thetotalofallnodesoftheASTin{ST}

6 MC=min(SMC,TMC)

7 Foranynodei∈ {TT}

8 if0≤i<MCthen

9 compareH(i)in{INFON|N∈ {SN},CCN=i}with

10 H(i)in{INFON|N∈ {TN},CCN=i}endif

11 endfor

12 returnH(i)
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SD=
∑ ( )f StNx

LC


where,XnodeofthetargetofAST,across INFOx INFOy SMINFO,( ) ∈ andLCisthenumber
ofthelinesinthetargetnode.

Asafinalpoint,forall

INFOx INFOy SMINFO,( ) ∈ V

wecalculatethenumberofsimilarnodesaccordingtoNdTxinINFOx.
Manysimilaritymeasuresusefingerprintcomparison,overallLCS(LongestCommonSubstring)

andLevenshteindistance(LD).IntheLDmetric,itmeasuresthesmallestnumberofprocess:adding,
deleting, or substituting to convert one txt to another. whereas, the LD between “Monday” and
“Sunday”isfour.TheLCSdependsonfindingthelongestsubstringwhichcommoninpairoftexts.
whereas,thelongestcommonsubstringin“Monday”and“Sunday”is“nday.”TheASTAPForall
substrings,thereisahashvalueoflengthsofthepatternstringandforallsubstringsoflengthsofthe

Table 5. Algorithm 5: Similarity calculation algorithm

Algorithm 5. Similarity Calculation Algorithm

1 Input:H(i),hashvalueforcomparednodei

2 Output:SD:=similaritydegree

3 Initialize:HxiscomponentnumberoneofINFOx

4 HyiscomponentnumberoneofINFOy,

5 SMINFOagroupofsimilarnodeinformation

6 Forallnodeswhere

7 INFOx∈ {INFON|N∈ {TN},CCN=i}and

8 INFOy∈ {INFON|N∈ {SN},CCN=i}

9 ifHx=Hythen

10 INFOx=(H,StN,EdN,NdN,CC)x

11 INFOy=(H,StN,EdN,NdN,CC)y

12 SMINFO(INFOx,INFOy)

13 calculateSD(i)endif

14 endfor

15 SD==sum(SD(i))

16 returnSD
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textstring.Aftercomparingthehashvaluesofboththepatternandthetextstring.Ifthevaluesofthe
hashfortextandpatternareequal,thenthereissimilaritybetweenthesetextandpatternsubstrings.

A key issue in matching finding is to select the proper measure method. When detecting
plagiarism,LCSandLDaremoreappropriate,becauseplagiarismincludesofatext(Adding,deleting,
etc.).Therefore,LCShavebeenused,sinceitisbasedonmatchesratherthandistance.

RESULTS AND DISCUSSION

Inthispart,wediscusstheexperimentalresultsofthesuggestedASTAPsystem.Thediscussionis
dividedtotwomainparts.First,theexperimentalresultsanddatasetoftheproposedGWO-based
OCRaredescribed.Second,theresultsthatarerelatedtothesimilaritydetectionofArabicdocuments
usingthreedifferentdatasetsareclarified.

The Results of GwO-based OCR
CENPARMIdataset(Shehab,etal.,2016)]isusedinthiswork.Thedatasetcontainsaboutthousands
ofhandwrittenisolatedArabiccharacterimages.328writerswroteeach.Thesampleswerecarefully
selectedtorepresentthe28Arabiccharacterforms(initial,medial,andfinal).Inthispaper,itwas
focusedonthebasic28characters.

Thesamplesweredividedintoexerciseandtryingsetsrandomly.ThreetimesofGWOsearch
weredonewhichproducedthreefeaturesets.Table6representsthebestthreesequencesresultsfor
thewell-knownfactorSVM.

InTable6,thebestthreeexperimentsbyGWOandthewholefeatureset(SVMtestedthat)
werechosenbyadjustingcarefully,thecostandtheGammaparameters.Asseen,GWOachieved
greataccuracyintherangeof90.83%to92.78%whichisveryacceptablerate.Inaddition,thetime
efficiencywasbetween1927secondto8187second.Thecomplexityof thewritingwaygreatly
affectstherequiredtimetoprocessthedocument.However,theaccuracyisstillcloseforallcases.

SIMILARITy DETECTION RESULTS

Evaluation Criteria and Datasets
Theperformance(Acampora&Cosma,2015)ofthesuggestedASTAPiscalculatedusingthree
differentdatasets(SeeTable7).Thesedatasetsareformedusing60Arabicdocuments.Thedatasets
aregatheredthroughextractingthesedocumentsfromdifferentArabicresourcesavailableonSDL.
Eachdatasetcontains20differentdocuments.WhereastherunofASTAPandtheotherstate-of-the-
artsystemsareexecutedonprocessorIntelCorei5withCPUspeedof2.4GHzand6GBRAMwith
operatingsystemWindows7Ultimate64-bit.Thedescriptionofthesedatasetsisdiscussedbelow.
TheperformanceoftheproposedASTAPiscalculatedindifferentterms,suchasthesimilarity,the

Table 6. The accuracy ratio and the period for the whole features set and for three best GWO rounds by SVM

Feature Set Number of features 
(decrease) SVM (Factors) Accuracy Ratio (%) Period (secs)

Thetotalfeaturesset 717(0%) C=4.30e+02,
G=0.003 92.78 8187

1stGWOround 242(34%) C=76.109,G=0.009 90.09 2641

2ndGWOround 265(37%) C=76.109,G=0.008 91.37 1927

3rdGWOround 254(35%) C=1.81e+02,
G=0.006 90.83 3211
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precision,andthetimeefficiencyusingthesedifferentdatasets.Thesimilarityratioismeasuredby
searchingforthematchingcontentsofeachdocumentintheDatasetswiththosethatarestoredat
SDL.Asetofcomparisonsisconducted,aslistedbelow,withthestate-of-the-artmethods.

Dataset 1: Synonym Replacement
Dataset1ispreparedbyselecting20documentsfromthelistofdocumentsthatarestoredonSDL.
Theseselecteddocumentsarecreatedbychangingfiftypercent(50%)ofthewholesumofwords
randomlyineachdocumentwithoneoftheirsynonyms.However,inDataset1theStop-wordsare
notconsidered.

Dataset 2: Structure Change
Tocreatethedataset2,another20documentsaregeneratedfromthedocumentsthatarestoredon
SDLbyalteringthestructureofselectedsentencesrandomly.Thenumberofproducedsentences
representedfiftypercent(50%)ofthetotalnumberofsentencespereachdocument.

Dataset 3: Hybrid
Inaddition to the40documents thatare selected forDataset1andDataset2, the remaining20
documentsareassignedtoDataset3.ThedocumentsofDataset3areformedbyrandomlycopying
wordschosenwithoneoftheirreplacements(twentypercent(20%)ofthetotalnumberofwords)and
changingthestructureofselectedsentences(fortypercent(40%)ofthetotalnumberofsentences).

Results and Discussion
TomeasurethesimilarityratioofASTAP,Figure7,Figure8,andFigure9showthesimilarityratio
usingDataset1,Dataset2,andDataset3,respectively.

AsshowninFigure7,ASTAPdetectsthehighestsimilarityratioineachdocument.Regarding
the secondbestmethod,ASTAP improves the similarity in the rangeof10%and43%.Turnitin
yieldsthelowestsimilarityratio.DespiteAPDismorerecentthanAPlagandisdesignedforArabic
documents,itisshownthatitsresultsarenotconsistent.

ContrarytoFigure7,theperformancesofallmethodsatFigure8,whichshowsthesimilarity
ratiousingDataset2,areclose.However,inmostcases,ASTAPachievedthehighestperformance.
Whereas,thehighestpercentagedetectedbyASTAPis53%inD2-4.Consequently,Figure9reflects
theperformanceoftheASTAPandtheotherstate-of-the-artmethodsusingDataset3.

However,thesimilaritycannotbeusedastheonlyperformancemeasurecriteriatoevaluate
theplagiarismdetectionsystems.Therefore,theperformanceofASTAPismeasuredusinganother
importantmetriccalledPrecision(Yalamanchilietal.,2016).Theprecisioncanbecalculatedas
showninEq.1.Itaimstoevaluatethelevelofthecredibilityorthetrustinessofthesystem.

Table 7. Statistics of the datasets

Dataset 1 Dataset 2 Dataset 3

AverageCountofWords/Document 1029.6 1072.55 1054.6

TotalCountofImages 94 75 91

TotalCountofTables 55 49 51

SynonymsReplacementRatio 50% 0% 20%

StructureChangeRatio 0% 50% 0%
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Precision =�
number�of�plagerized�sequences�identified

total�nnumber�of�sequences�determined
×�100 

Dependently,theresultsofprecisionarelistedinTable8,Table9andTable10usingDataset
1, Dataset 2, and Dataset 3, respectively. Documents that are returned with a small percent of
matchesbylessthan1%areexcludedandcountedasirrelevantdocuments.AsshowninTable8,
Dataset1resultsindicatethattheaverageprecisionofASTAPisapproximately75%.Thehighest
improvementofprecisionachievedbyASTAPregardingthesecondbestmethodis49%,whichis
shownatdocumentD1-8.ThereasonforthatisbecausemostofthecontentsofdocumentD1-8
areplaintexts.Forthat,thenumberoftheidentifiedplagiarizedsequencesishigherthanthesame
numberoftheotherdocuments.

ThesamewasfollowedusingDataset2.However,theoverallprecisionratiousingDataset2
islessthantheprecisionratioforDataset1.AsshowninTable9,ASTAPachievesmorestability
indetectingthestructurechangesinalldocuments.Theperformanceofallmethodsiscloseinthat
caseduetotheignoringsynonymsreplacement.

Furthermore,Table10showstheprecisionresultsusingDataset3.SincethedocumentsatDataset
3arepreparedusingahybridmethodbetweenthesynonyms,whichisusedatDataset1,andthe
structurechange,whichisusedatDataset2,theresultsshowthebalancingbetweentheprecision
resultsthatareobtainedusingDataset1andDataset2.

Finally,thetimeefficiency(Elkhidiretal.,2015)isusedasanessentialfactortocalculatethe
performanceofthesuggestedmethod.Therefore,Table11comparesthetimeefficiencyofASTAP
withthedifferentstate-of-the-artmethods.ForeachDataset,themaximum,theminimum,andthe
averagetimearecalculated.

Figure 7. The similarity of ASTAP, Turnitin, APlag and APD using Dataset 1
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Figure 8. The similarity of ASTAP, Turnitin, APlag and APD using Dataset 2

Figure 9. The similarity of ASTAP, Turnitin, APlag and APD using Dataset 3
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TheresultsofthetimeefficiencyindicatethatthemaxprocessingtimerequiredbyASTAP
usingDataset1is122whichisstillshorterthanthenecessaryprocessingtimethatisconsumedby
anyothermethod.ThelongerrunningtimeisobtainedinD1-8whichcontains,thelargernumber
ofplaintexts.ByavoidingthecomplexityofAPlagandAPDindocumentprocessing,ASTishighly
simplifiedthetokenization,thestopwordremoval,androotingprocesses,whichmaketheproposed
methodfasterthantheothermethodinallDatasets.

CONCLUSION AND FUTURE wORK

In Internet-based documents, processing handwritten documents for mining their contents is
consideredasoneofthemostdifficultchallenges.Therefore,theprocessofplagiarismdetectionin
suchdocuments,especiallyinhandwrittenArabicdocuments,isanurgentneed.Dependently,this
paperpresentsanintelligentmodelforaplagiarismdetectionsystemcalledASTAPwhichisused
todetectsomeunobservedformsofplagiarismsuchassynonymalternationorchangeofsentence
structureinsuchcomplicatedmultimediadocuments.Therearetwomaincontributionsofthatpaper.
First,ahandwrittenArabiccharacterrecognitionsystemisproposedusingGreyWolfOptimization
(GWO)algorithm.Second,amodifiedAbstractSyntaxTree(AST)isusedtomatchthecontentsof
theArabicdocumentstodetectanysimilarity.Comparedtothestate-of-the-artmethods,ASTAP
improvestheeffectivenessofplagiarismdetectioninhandwrittenArabicdocumentsregardingthe
matchedsimilarity ratio, theprecision ratio,and theprocessing time.Regarding thesecond-best

Table 8. The precision of ASTAP, Turnitin, APlag and APD using Dataset 1

ASTAP APlag APD Turnitin

D1-01 70 40 38 25

D1-02 72 42 44 28

D1-03 75 49 55 35

D1-04 74 35 51 29

D1-05 75 40 55 31

D1-06 79 43 58 33

D1-07 85 50 62 38

D1-08 88 55 59 38

D1-09 78 57 58 35

D1_10 75 55 55 29

D1_11 76 44 60 35

D1_12 69 53 62 29

D1_13 65 56 55 31

D1_14 68 44 50 33

D1_15 71 42 44 36

D1_16 73 47 50 32

D1_17 72 45 52 31

D1_18 77 48 54 35

D1_19 80 49 51 37

D1_20 81 50 56 30
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method,ASTAPimprovesthedetectedsimilarityratioinarangeof10%and43%,whileitenhances
theprecisioninavarietyof22%and49%.Besides,itreducestherunningtimeby12.5%.Also,the
proposedGWO-basedOCRachievedgreataccuracyintherangeof90.83%to92.78%.Inaddition,
itstimeefficiencywasbetween1927secondto8187seconds.

Thisresultshows,ASTAP,asystemthatworksontheInternettoenablespecialiststodetect
theftsofelectronictextsinArabicsoitcanbeintegratedwithe-learningsystemstoensurethesafety
ofstudentsandresearchpapersandscientificthesesofelectronicthefts.Italsodescribesthemajor
componentsofthissystem,includingstageoutfitted,andintheend,wewillestablishanexperimental
systemonasetofdocumentsandArabictextsandcomparedtheresultsobtainedwithsomeofthe
existingsystems,particularlyTurnItIn.

The futureworkwill concentrate on improving and addingmore choices in this tool.Most
essentiallyistotestourASTAPsysteminvariousuniversities.

Table 9. The precision of ASTAP, Turnitin, APlag and APD using Dataset 2

ASTAP APlag APD Turnitin

D2-01 50 48 43 40

D2-02 52 47 45 42

D2-03 53 45 42 40

D2-04 49 45 41 42

D2-05 49 44 44 40

D2-06 51 43 45 45

D2-07 49 45 46 42

D2-08 52 46 46 40

D2-09 50 45 45 42

D2-10 53 45 41 40

D2_11 52 42 46 45

D2_12 54 45 44 41

D2_13 55 48 45 43

D2_14 51 45 46 42

D2_15 49 44 42 40

D2_16 49 45 41 39

D2_17 51 44 43 38

D2_18 53 45 44 40

D2_19 52 47 42 42

D2_20 53 44 45 40
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Table 10. The precision of ASTAP, Turnitin, APlag and APD using Dataset 3

ASTAP APlag APD Turnitin

D3-01 55 45 45 38

D3-02 57 47 50 40

D3-03 60 47 52 41

D3-04 62 50 54 44

D3-05 65 52 50 45

D3-06 62 54 48 44

D3-07 60 51 45 40

D3-08 58 50 44 38

D3-09 60 48 44 36

D3_10 64 50 43 39

D3_11 66 48 45 40

D3_12 65 46 40 40

D3_13 62 45 44 38

D3_14 60 47 42 36

D3_15 58 49 45 38

D3_16 62 51 42 40

D3_17 64 49 40 43

D3_18 60 50 41 40

D3_19 62 52 45 38

D3_20 64 50 44 40

Table 11. Time efficiency of ASTAP compared to the state-of-the art methods

ASTAP APlag APD Turnitin

Dataset1

Max. 122 132 133 135

Min. 109 117 122 123

Avg. 115.3 125.85 126.5 128.75

Dataset2

Max. 125 130 132 134

Min. 120 123 125 129

Avg. 122.7 127.1 129.05 130.85

Dataset3

Max. 126 130 133 135

Min. 117 122 127 129

Avg. 122.2 127 129.6 132.55
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