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Abstract: Text isummarization iis iresearch ifield iwhich ihelps ito 

ifind iout idetailed ibut ishort iinformation ifrom idocuments iwhich 

iare ioften ilarge iin isize, ithe idocuments ican ibe ifrom idifferent 

ifields isuch ias ifinance, inewsi, imedia, iacademics, ipolitics, ietc. 

Automatic iText isummarization ihelps ipeople ito iget imore 

comprehensive iinformation iabout ithe idocument.iIn iother words, 

ithe iprocess ifrom iwhich icondensed iform iof document iis icreated 

iwhich itries ito imaintain iinformation without ilosing ior ireducing 

ithe igeneral imeaning iof ithe source idocument.iThe imain igoal iis 

ioften ito imaintain ithe remarkable iinformation. iAutomatic iText 

isummarization iis an iimportant i mean iby iwhich ilarge 

iinformation ican ibe concluded iinto ishorter itext iin iless iamount 

iof itime iand minimal i effort.iThus, i making i it ian iimportant ifield 

iof iactive research. iApproaches iof iText isummarization iare 

iclassified into itwo icategories: iExtractive iand 

iAbstractive.iExtractive summarization itechniques iproduce 

isummaries iby iusing words ithat i are ipresent iin ithe idocument i 

iitself.iAbstractive model itakes ia ilot iof itime ifor itraining ithe 

imachine ilearning model, iit iinvolves ideep ineural inetwork ito 

itrain ithe imodel i and requires ilarge iamount iof icorpus. 

iCollecting isuch ia ilarge amount iof icorpus i(i.e. iaround i400 ito 

i500 igb iminimum) iand training itime i(i.e. iabout i1200 ihours 

iminimum) iis ihard iand tedious. iThis ipaper ifocuses ion iextractive 

imodel ilike iLex iRank and iLSA.iUsing iLex iRank iand iLSA ithe 

ibig inews iarticles iare summarized iin iorder ito i generate ia 

ishorter inews iarticle, iwhich iis ienough ifor ireader ito imake isense 

iand ito iget icomplete iidea. 

 
Keywords - Extractive, Lex Rank, LSA (Latent Semantic Analysis), 

Stop words, Summarization. 

 
I. INTRODUCTION 

 
Text isummarization iplays ia ivital irole iday-to-day ilife. 

iThe icontinuing igrowth iof icontent ion iworld iwide iweb 

iand ionline itext iarticles icollections imakes ia ilarge ivolume 

iof iinformation iavailable ito iend iusers. iThe imassive 

iinformation ieither ileads ito iwastage iof isignificant itime iin 

ibrowsing iinformation ior ielse iuseful iinformation imay ibe 

imissed iout. iThe itext isummarization itechnology iis 

imaturing iand imay iprovide ia isolution ifor ithe iinformation 

ioverload iproblem. iText isummarization iinvolves ithe 

iprocess iwhich ican iautomatically igenerate i a icompressed 

iversion iwhich iis ia ismall iparagraph iof ia igiven itext ithat 

iis iuseful iinformationitoiusers.iTextisummarizationiisia 

complicated itask iwhich iideally iwould iinvolve ideep 

inatural ilanguage iprocessing i(NLP) icapacities. iIn iorder ito 

isimplify iissue,ithe imethod iExtractive iis igoing ito iuse iLex 

iRank iand iLSA iwhich iare itypes iof iextractive ialgorithms. 

iBy iimplementing itext isummarization, iit isaves itime ito 

isearch ior ito iget ito iconclusion iof ithe iarticle. iBig 

icompanies ilike iGoogle, iAmazon i iuses itext isummarization 

ifor iproviding ibetter irelevance iresult ito ithe iuser. iFor 

iexample, iGoogle iAssistant, iAmazon iAlexa. iExtractive 

iSummarization iproduces icondense iform ito ithe ioriginal 

idocuments iwhich ihelps iin iretrieval iof inecessary iinformation 

ifrom ithe ihuge ivolumes iof itext idocuments iand iidentification 

iof icontext iof idocument. iRelaying ion isummary, ithe iuser 

iwas iprovided iwith ia ifacility ito ifind ithe imost idesirable 

idocuments.iBecause iof imultiple iirrelevant idocuments ito ia 

iquery ithere iis ia inecessity iof idocument isummarization 

iwhich isummarizes ithe idocuments ibased ion ianalysis iof itext 

iand iranking ithem iaccording ito itheir ivalues iand igenerates 

inew isentences iwhere ithese isentences imay i inot i idirectly 

icontain ithe iactual ikeyword ibut i iconceptually irelated ito ithe 

iword ithat iis iused iin isearch. 
 
II. LITERATURE SURVEY 
 
[1] M. Haque, et al., ”Literature Review of Automatic 

Multiple Docu- ments Text Summarization”, International 

Journal of Innovation and Applied Studies, vol. 3, pp. 121-

129, 2013. 
 
This ipaper iis iconsist iof ithe ibasics iof imulti-document 

isummarization, ithen iseveral iapproaches ifor iextractive  
isummarization iand iextractive imethods.iExtractive 

isummarization iprovides ithe iinformation iaccording ito ithe 

iusers iinput ithat idescribes ithe ioriginal idocument iin ia 

ismall ibut ito ithe ipoint isentences ithat imay inot ibe iin 

iorder. iThis ipaper icontains ithe icomparison iof ivarious 

iextractive imethods ithat iare iused ifor ithe isummarization. 

iMany iextractive imethods ihave ievolved ibut iit iis idifficult 

ito imention iwhich imethod icreates ithe imore iconcise 

isummary iwith ithe ihigh iperformance. 
 
[2] N. Moratanch, S. Chitrakala “A Survey on Extractive 

Text Summarization” IEEE International Conference on 

Computer, Communication, and Signal Processing 

(ICCCSP-2017) 
 
This paper has shown assorted mechanism of extractive text 

summarization process. The implication of sentences is 
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determined based on linguistic and statistical features. In this 

paper,a comprehensive review of extractive text summarization 

process methods has been ascertained. In this paper, the various 

techniques, populous benchmarking datasets and challenges of 

extractive summarization have been reviewed. 

 
 

[3] PavanKartheekRachabathuni, “A Survey on 

Abstractive Summarization Techinques”. Department Of 

Computer Science and Engineering, IEEE Internation 

Conference. Part Number: CFP17L34-ART, ISBN:978-1-

5384031-9. 
 
This ipaper isolves iclimacteric iproblems iin ifurnishing 

iinformation ito ithe inecessities iof iuser.iThis imakes iuser 

iimpractical ito iread ientire idocuments iand iselect ithe 

idesirables.iTo ithis iproblem isummarization iis ia inovel 

iapproach iwhich isurrogates ithe ioriginal idocument iby inot 

ideviating ifrom ithe itheme ihelps ithe iuser ito ifind 

idocuments ieasily. 
 
 

[4] Haroran Li, Junnan Zhu, Cong Ma, Jiajun Zhang and 

ChengqingZong, “Read, Watch, Listen and summarize: 

Multi-model Summarization for Asynchronus Text, Image, 

Audio and Video”, IEEE Transaction On Knowledge and 

data engineering, Vol. X, No. Y, Month year. 
 
In ithis ipaper, iauthors ipropose ian iapproach ito ia igenerate 

itextual isummary ifrom ia iset iof iasynchronous idocuments, 

iimages, i audios iand ivideos i on ithe isame itopic.i They 

iformulate ithe iMMS itask ias ian ioptimization iproblem 

iwith ia ibudgeted imaximization iof isubmodular 

ifunctions.iThey iinvestigate ivarious iapproaches ito iidentify 

ithe irelevance ibetween ithe iimage iand itexts, iand ifind 

ithat ithe iimage imatch imodel iperforms ibest. 

 

III. EXISTING SYSTEM 
 
Existing isystem iof itext isummarizer iuses ino ilogical 

approach. iIt iincludes ifollowing isteps:  
i i1) iDownload ithe icontents/article ito ibe iextracted. 

i i2) iExtract ithe iarticle ifrom ithe ihtml. 

i 3) iFigure iout ithe i3 ior i5 imost iimportant isentences 

ifrom ithe iarticle. 

A. iAlgorithm iof iexisting isystem 

i 1)iDownload ithe iArticle ifrom iURL. 
i i2)iGet irid iof ihtml itags iand ieverything ielse iother ithan 

ithe iarticle i(use ibeautiful isoup).  
i i3)iSplit ithe iarticle iinto iwords. i(Use iNLTK ifunction 

ilike iword-tokenize iand isent-tokenize). 

i i4)iEliminate ithe istop iwords. i(Is, ithis, ithe, ia) 

i 5)iFind ihow ioften ieach iremaining iword iis irepeated. 

i(Frequency iof iparticular iword iin ithe iarticle) 

i 6)iThe imore icommon ithe iword iappears, ithe imore 

iimportant iit iis. iSo, ifor ieach isentence, ifind ia iscore iof 

iiihow iimportant ithe iwords iin ithe isentence iare.  
i 7)iRank ithe isentence iby ithat iscore. i(Select itop i3-5 

isentences) 

B. iPros iof iexisting isystem 

They iare iquite isimple isince ithey idon’t imake ichanges iin 

ithe idocument. iThey ijust itry iarranging ithem iin ithe iform 

iof ihighest ipriority. iThey i iuse iexisting inatural ilanguage 

iphrases iwhich iare ithe iinput iof ithe imodel.  
C. iCons iof iexisting isystem 

They imiss iflexibility isince ithere iis ino iuse iof igrammar, 

ifigure iof ispeech iand ithey ialso ilack iuse iof inovel iwords 

or iconnectors. iIt’s iimpossible ifor ithem ito iexplain ior 

isummarize ilike ipeople ido. 

 

IV. PROPOSED SYSTEM. 

 

Here, the inews iarticles ifrom ithe inews iwebsite’s isuch ias 

iInshorts, iNewsHunt, ietc. iThen iwe iare igoing ito iscrape 

ithe iwebsite ito iget ithe inew iarticle. iWhat ithis itool idoes 

iis ithat iit iextracts idata ifrom iwebsite iwhich iis iHTML 

ifile iand isave’s iit iinto idatabase.iThe idatabase ialso iknown 

ias icorpus. iFor iscrapping ithe iarticle ifrom idifferent 

iwebsites, iwe iwill ibe iusing ipython iand iit’s ilibraries ilike 

iurllib, ibeautiful isoup, ietc. iThe ipython iscript iwill ibe 

ideployed ion iVisual iStudio iCode iin iorder ito iget ireal 

itime iarticles ifrom ithe iwebsite iand ithe iextracted ioutput 

iwill ibe isaved iin idatabase.iWith ithe ihelp iof iVisual 

iStudio iCode iwe iwill ihost iour iflask iapplication. iFlask iis 

ipython-based iweb iframework.iExtractiveiSummarization 

iproduces icondense iform ito ithe ioriginal idocuments iwhich 

ihelps iin iretrieval iof inecessary iinformation ifrom ithe 

ihuge ivolumes iof itext idocuments iand iidentification iof 

icontext iof idocument. iRelaying ion isummary, ithe iuser 

iwas iprovided iwith ia ifacility ito ifind ithe imost idesirable 

idocuments. i  
Steps: 

i i i1.iTrain ithe imodel iusing iVisual iStudio iCode. 

i i i2.iCreate ia iflask ienvironment ithat iwill ihave ian iAPI 

iendpoint iwhich iwould iencapsulate iour itrained imodel iand 

ienable iit ito ireceive iinputs i(features) ithrough iGET 

irequests iover iHTTP/HTTPS iand ithen ireturn ithe ioutput 

iafter ide-serializing ithe iearlier iserialized imodel.  
i I 4.iUpload ithe iflask iscript ialong iwith ithe itrained 

imodel ion iVisual iStudio iCode.  
i i I 5.iMake irequests ito ithe ihosted iflask iscript ithrough ia 

iwebsite i ior i icapable iof isending iHTTP/HTTPS irequests.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                             Fig. 1. Proposed System 
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1. LexRank iis ian iunsupervised igraph-based iapproach. 

iIDF-modified iused iby iLex iRank iCosine ias ithe 

isimilarity measure ibetween itwo isentences.iLex iRank iuses 

ia technique iwhich imakes isure iif iall ithe isentences iwith 

high ipriority iare inot isimilar ito ieach iother.iThe iproblem 

of iextracting ia isentence ithat irepresents ithe icontents iof a 

igiven idocument ior ia icollection iof idocuments iis known 

ias iextractive isummarization iproblem. iIn extractive 

isummarization iproblem, iwe iwant ito iextract one 

irepresentative isentence ithat icapture ias ibroad ias possible 

ithe icontent iof ithe icorpus, iwhether iit iis ione document 

i(single idocument isummarization) ior iseveral documents 

i(multi-document isummarization).iThe inew method, inamed 

iLex iRank, iis iidentified iby iPageRank method. iThis 

imethod iworks iby igenerating ia igraph,ievery sentence 

irepresents ione inode, iand ithe iedges iare similarity 

irelationship ibetween isentences iin ithe icorpus. In ithis 

iresearch, ithey imeasure isimilarity ibetween isentences by 

iconsidering ievery isentence ias ibag-of-wordsimodel. 

Frequency icontributes ito ithe isimilarity istrength ias ithe 

number iof iword ioccurrences iis ihigher. iThis iis ithen iused 

as ia imeasurement ifor isimilarity ibetween isentences. 

Basically, i icalculating ithe i‘distance’ ibetween itwo 

isentences x iand iy. iMore ithe isimilar itwo isentences, imore 

ithe ‘closer’ they iare ito ieach iother.iTo iextract ithe imost 

iimportant sentences, ifrom ithe iresulting isimilarity imatrix 

iwe iapply ia thresholding imechanism. iThe iresult iis ia 

isubset iof ithe similarity igraph, ifrom iwhere iwe ican ipick 

ione inode that has ithe ihighest inumber iof idegrees. 
 
2.Latent isemantic ianalysis iis ian iunsupervised 

isummarization imethod iwhich ialong iwith ifinding ithe 

ifrequency iof iimportant iterms iit idecomposes ito ifind ithe 

isingularivalueiforibetter iand iefficient isummarization.iLSA 

iworks iby iprojecting ithe idata iinto ia ilower idimensional 

ispace iwithout iany iheavy iloss iof iinformation. iLatent 

isemantic ianalysis iuses ispatial idecomposition.iIn ispatial 

idecomposition ithe isingular ivectors iof ithe iwords iwhich 

irecurring iin ithe icorpus.iThe ihigher ithe imagnitude iof ithe 

isingular ivalue ithe ihigher iis ithe iimportance iof ithe iword 

iin ithe idocument. iLatent iSemantic iAnalysis i(LSA), ialso 

iknown ias iLatent iSemantic iIndexing i(LSI) iliterally 

ianalyse ithe idocuments ito ifind iunderlying imeaning ior 

iconcepts iof ithose idocuments.iIf ieach iword ionly imeant 

ione iconcept, iand ieach iconcept iwas ionly idescribed iby 

ione iword, ithen i iLSA iwould ibe ieasy isince ithere iis ia 

isimple imapping ifrom iwords ito iconcepts.  
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 2. LSA Similarity Graph 

 

iUnfortunately, iEnglish ihas idifferent iwords iand iways ito 

irepresent ithe isentences iwhich ihave isimilar imeanings. 

iThere iare imany iwords iwith isame imeaning(synonyms), 

iwords iwith imultiple imeanings, iand iall ithe iother itype iof 

iambiguities iand iredundancy iin imeaning iwhich ihave ihard 

itime iunderstanding.  
 

V. RESULTS 

 
Here, we iused itwo iextractive ialgorithm iLex iRank iand 

iLSA. iThe ioutput iof iboth ialgorithm iwas itoo igood ithen ithe 

iexisting isystem. iTo ievaluate ithe itext isummarization iquality, 

iwe iused iROGUE-N imetric iand iBLEU imetric. iRouge-N iis 

ia iword iN- igram ithat imeasures i ihow imuch iefficiency 

ibetween ithe imodel iand ithe isummarized ioutput. iIt ifinds ithe 

iratio iof ithe ino iof icounts iof iphrases iwhich ioccur iin iboth 

imodel iand isummary iknown ias iN-gram. iBLEU imetric iis ia 

imodified iform iof iprecision, iextensively iused iin imachine 

itranslation ievaluation. iPrecision iis ithe iratio iof ithe inumber 

iof iwords ithat ico-occur iin iboth igold iand imodel 

itranslation/summary ito ithe inumber iof iwords iin ithe imodel 

isummary. iUnlike iROUGE, iBLEU idirectly iaccounts ifor 

ivariable ilength iphrases i– iunigrams, ibigrams, itrigrams ietc., 

iby itaking ia iweighted iaverage.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3. Algorithm Performance Graph 

 

iOur igraph itells ius ithat iLex iRank ioutperforms iLSA.iA 

igood ipractice iwould ibe ito irun iboth ithe ialgorithms iand 

iuse ithe ione iwhich igives imore isatisfactory isummaries. 
 
 

VI. PROJECT INPUT AND OUTPUT AND 

SCREENSHOT 

 

Home UI:  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4.1. Home UI 
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Fig. i4.1 idepicts ithe ifront iend iof iapplication. iThe ifront 

iend iconsist iof i7 itabs inamely iHome, iPolitics, iSports, 

iTechnology, iEntertainment, iDirect iSummarize iand iAbout. 
 
Entertainment UI:  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 4.2. Entertainment UI 

 

When ithis iweb iservice iis iactivated iby ithe iuser, ithe 

iHome iUI iappears ifirst iwhich iconsist iof isummarization 

iactivity iof inews iarticles. iWhen ithe iuser iopens 

iEntertainment itab, ithen ithat iuser igets isummarized 

iinformation iabout iarticles iwhich idepends iupon 

iEntertainment istuff ishown iin iFig. i4.2 
 
Technology UI: 

 

When ithis iweb iservice iis iactivated iby ithe iuser, ithe 

iHome iUI iappears ifirst iwhich iconsist iof isummarization 

iactivity iof inews iarticles. iWhen ithe iuser iopens 

iTechnology itab, ithen ithat iuser igets isummarized 

iinformation iabout iarticles iwhich idepends iupon 

iTechnologies ishown iin iFig. i4.3.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 4.3. Technology UI 
 

 

Sports UI: 

 

When ithe iuser iopens iTechnology itab, ithen ithat iuser 

igets isummarized iinformation iabout iarticles iwhich 

idepends iupon iSports inews ishown iin iFig. i4.4. 

 
 
 
 
 
 
 

 

Fig. 4.4. Sports UI  
 

Politics UI:  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 4.5. Politics UI 

 

When ithe iuser iopens iPolitics itab, ithen ithat iuser igets 

isummarized iinformation iabout iarticles iwhich idepends 

iupon iPolitics inews ishown iin iFig. i4.5 
 
 

VII. CONCLUSION AND FUTURE SCOPE 

 

We are able to summarize news articles by analyzing the 

content of the news. In this process we analyze that each and 

every website uses different pattern to display their news so it 

is difficult to scrap data from various sites. Hence now we are 

able to scrap data from inshort news website which allow us 

to scrap article and body from same page. After we used two 

extractive algorithms i.e. Lex Rank and LSA because the 

results was too good then existing system. We intend to create 

a summarization model which can create a summary of news 

articles which are generated every day. This will help the 

users to get whole idea of the news without reading the entire 

news. In future we are going to use news API which allows us 

to get news, headlines, articles from over 30,000 news sources 

which allows us to import various type of news in our website 

and moreover we are going to build mobile application for 

both Android and IOS platform which becomes handy to 

people to read news anywhere anytime. And if we get access 

to enough resources then we can switch to abstractive method 

which can allows news to summarize in more contextual form 

making the summary more precise and correct. We may also 

build a complete automatic process

http://www.ijsrem.com/
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pipeline for fetching news, scraping the news and then 

summarizing and displaying it. 
 
VIII. ACKNOWLEDGMENT 

 

A project is as golden opportunity for learning and self-

development. We consider ourselves very lucky and honoured 

to have so many wonderful people lead us through in 

completion of this project. We would like to thank Mrs. 

Gayatri Hegde for the opportunity and help which was 

provided by her. Our grateful thanks to Dr. Satishkumar L. 

Verma (Head of Department of Information Engineering) who 

in spite of extraordinary busy with his duties, took time out to 

hear, guide and keep us on the correct path. We choose this 

moment to acknowledge his contribution gratefully. We also 

indebted to Dr. Satishkumar L. Verma, for extending the help 

to academic literature. We express our gratitude to Dr. 

Sandeep M. Joshi (Principal) for their constant 

encouragement, Co-operation and support. 
 

IX. REFERENCES 

 
[1] M. Haque, et al.,” Literature Review of Automatic Multiple 

Documents Text Summarization”, International Journal of 

Innovation and Applied Studies, vol. 3, pp. 121-129, 2013. 

[2] N.Moratanch ,S.Chitrakala “A Survey on Extractive Text 

Summarization” IEEE International Conference on Computer, 

Communication, and Signal Processing (ICCCSP-2017) 
 
[3] Gune ¨ ¸s Erkan, Dragomir R. Radev, “LexRank: Graph-  
based Lexical Centrality as Salience in Text 

Summarization”.Department of EECS University of Michigan, 

Ann Arbor, MI 48109 USA Journal of Artificial Intelligence 

Research 22 (2004) 457-479. 
 
[4] Haroran Li, Junnan Zhu, Cong Ma, Jiajun Zhang and 

Chengqing Zong, “Read, Watch, Listen and summarize: 

Multi-model Summarization for Asynchronous Text, Image, 

Audio and Video”, IEEE Transaction on Knowledge and data 

engineering, Vol. X, No. Y, Month year. 
 
[5] Prakhar Sethi, Sameer Sonawane, Saumitra Khanwalker, 

R.B. Keskar “Automatic Text Summarization of News 

Articles” 2017 International Conference on Big Data, IoT and 

Data Science. 
 
[6] Luciano Cabral, Rinaldo Lima, Rafel Lins”.2015 

Fourteenth Mexican International Conference on Artificial 

Intelligence, “Automatic Summarization of News Articles for 

Mobile Devices” 978-1-5090-0323-5/15 2015 IEEE. 

http://www.ijsrem.com/

