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ABSTRACT 

One of the urgent tasks of the modern information society is to find documents 

that are partially and completely similar to each other. The ability to determine the 

similarity between documents can improve quality of clustering documents by 

content, search engines by removing unnecessary information, identifying copyright 

infringements, filtering search and mail spam. Huge amount of data makes its direct 

solution (by pairwise comparing the texts of documents) practically impossible at 

reasonable time. Therefore, faster document comparison algorithms are required. At 

the same time, algorithms that successfully work for a specific statement of the 

problem are inapplicable or give poor results for other problems. 

This master's thesis explains the work of an application that searchs similarities 

between documents. Documents can be in pdf, doc, docx, jpeg, png or jpg format and 

should be in Russian, English or Kazakh. If the document format is jpeg, png or jpg, 

then the application converts text information from image to text using OpenCV 

library, then performs a search from the database. Using this application, users can add 

documents to the application database and check documents for duplicates. For 

example, teachers can add student courseworks, theses, scientific articles to the 

database, and then check the work of other students for duplicates.



AHHOTAUHMA 

OgHOw M3 = aKTYaIbHBIX 3a0a4, BO3HHKaIOWIMX B  COBPeMeHHOM 

HHPOpMallHOHHOM OOIIeCTBe, ABJIAeTCA HaXoO2%KQeHHe DJOKYMCHTOB, TIOJHOCTbIO 

YaCTH4HO MOXOKUX pyr Ha Apyra. Bo3MoxKHOCTh oMpeesICHHA CXONCTBa TEKCTOBBIX 

TOKYMEHTOB MO3BONIACT YIYULUaTb KayeCcTBO paOOTbI MOHCKOBbIX CHCTeM 3a C4eT 

yoanleHHia H30bITOUHOM MHopMalln, PUIbTPOBaTb MOHCKOBBIM MM MOUTOBI clam, 

KIACTEpH30BaTb TEKCTbI NO COJepxKaHHI0, BbLABJIATh HapylWeHHA ABTOPCKHX pas. B 

CBA3H C 6OJbLIMM OOBEMOM TeEKCTOB MIpAMOM MOHCK MO CJIOBaM - OYeHb Tpy0emKaa 

3aqaua. Ilostomy TpeOyeTca ucnomb30BaHHe Oomee OBICTpbIX aTOpHTMOB cpaBHeHHA 

nokymentos. [Ip 3TOM ayITOpHTMBI, yCielHO paOoTalolive At KOHKpeTHOM 

NOCTaHOBKH 3aa4H, ObIBaIOT HCIIPHMCHHMbI WIM WalOT MWIOXHe pe3yIbTAaTbI WA 

Upyrux 3aa4. 

OTa MarHcTepckad AMCcepTauHa NoacHsaet paboty NpwioxKeHHe, KOTOPOe HET 

CXOJCTBO Me%Ky JOKyMeHTaMhn. JJOKyMeHTBI MoryT 6bITb B dbopmate pdf, doc, docx, 

jpeg, png WIM jpg HM OKHEI ObITA Ha PyCCKOM, aHTNIMiicKOM WIM Ha Ka3aXCKOM 

a3bike. Ec @opMaT JOKyMeHTa jpeg, png wim jpg, TO UpHOxKeHHe mpeobpasyer 

TEKCTOByYIO MH@oOpMallMto H3 M300pHKeHHaA B TeKCT C MOMOLIbIO OuOnHOTeKH 

OpenCV, 3aTeM BBIMOJIHAeCT NOMCK M3 Oa3bI DaHHbIx. Acnonb3ya 3TO MpusoxKeHue, 

NOM30BaTeIH MOryT BOOaBIATh AOKyMeHTHI B Oa3y aHHbIX MpHoxKenuit u 

MIpOBepsTh JOKyMeHTHI Ha AyOMKaTsI. Hanpumep, MpelogzaBaTesu MoryT qoGaBiaTE 

KypcoBbie paOoTbI CTYJCHTOB, Te3HCbI, HayIHbIe cTaTbH B 6a3y aHHbIX, a 3aTeM 

NIPOBepsTb paGoTy APyrx CTYACHTOB Ha Zy6sMKaTHI.



AHJATHA 

Ka3ipri 3aMaHayW aknapaTTbiK KOFaMya TyaTbIH ©3e€KTI TalCbIpMalapobIn Oipi 

TOJIBIKTall 2KOHE MKapTbWali YKCaC KKATTapABl aHbIKTay Oo TaOEagel. bip-Oipine 

YKCac MOTIHAIK KpkKaTTapAbl aHbikTay Oisy 6i3re i3qecTipy 2%KyHeciHiH CallacbIH apTBIK 

akMlapaTTapbl aJIbIl TacTay apKbIJIbl 2%KaKCapTy, i3qecTIpy >%xyHecingeri %xKoHe 

TIOMITAIBIK CHaMZapabl cypbinTay, MOTIHZepoi Ma3MYHbI OO/fbIHMa KJIacTepsiey, 

ABTOPJIbIK KYKbIKTapObIH OY3bUIYbIH OWIKepeey CHAKTbI MYMKIHIWWKTepin Oepedi. 

YIKeH MoTIHHepaiH KeNeMi calfapbiHaH ce3qepfi Ke3eK-Ke3eriMeH CaJIbICTBIpa 

OTBIPbII TeKCepy - KOMMbIOTepIiH peCypcTapbIH eTe KOI] KaXKETCIHETIH 2KYMBIC. 

KyxaTrapdbl CayIbICTBIpy YWWIH KOMMBIOTepAIH peCypcTapBbIH a3 KOJIaHa OTbIPBIN, Te3 

2KYMBIC ATKApaTbIH AIFOPHTMAepAl KO MAHYbIMBI3 KaKeT. 

Bysl MarvcTpiik AuccepTaliMa YKCaC KWKaTTapAbl aHbIKTay OaFdapsamacbiHbly 

*KYMBICBIH TyCiHAipedi. bargqapnamayarel Kpxattap pdf, doc, docx, jpeg, png Hemece 

jpg MintiMinye %xaHE OPbIC THe, aFbIIWIbIH HeMece Ka3ak TiiHQe OosysI THICTI. 

Erep kwxkaT nimimi jpeg, png Hemece jpg Oosca, AFHM CypeT TypiHJeri KyxKaT Oosca, 

OHNa Oaruapsiama CypeTTeri MOTIHAIK akKnapaTTapbl aHbIKTAall, KOMIIbIOTep TYCiHeTIH 

MoTiHTe aiiHalabipager. Coa COH WepeKTep KOpbIHaH YKCaC KYpKaTTapyb! i3Lenyni. 

Ochi OarqapiaMaHbl KOaHa OTBIPbIN, KONaHyWibuiap OarqaplaMaHbiH Wepektep 

KOPbIHa 2%KaHa KyKaTTapAbI KOCa aylaqbl x%KoHeE De con OarqapmamaHbiy DepextTep 

KOPbIHaH KYKaTTapAbIH TeJIHYCKaCbIH i3qeH aylagbl. MBbICaJIbl, OKbITYUbINap OCHI 

OaraplamMa apKbIJIbl CTYMeCHTTepAIH KYyPCTbIK 2KYMBICTapbIH, THCcepTaliMaapbiH, 

FLIIBIMH MakaslaslapbIH JepekTep KOpblHa Koca ajlayibl Kone Te eKiNMi Oip CTYTeHTTIH 

XKYMBICBIH TCJIHYCKarFa TCKCCpe aylayBl.
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INTRODUCTION 

Today one of the urgent tasks of the modern information society is the search 

for documents that are partially or completely similar to each other. The ability to 

determine the similarity between documents can solve important practical problems: 

eliminate identical texts from the output of search engines, identify matching web 

pages, exclude duplicate information from databases, prevent the publication of 

identical articles in scientific journals, detect copyright infringement. 

Finding duplicates is one of the most important and difficult tasks. Full 

duplicates of documents can be easily detected with the help of specialized software or 

by comparing the hash of documents. The main difficulties arise when looking for 

fuzzy duplicates. The main problem of solving this task is a huge amount of data. 

Huge amount of data makes its direct solution (by pairwise comparing the texts of 

documents) practically impossible at reasonable time. Therefore, faster document 

comparison algorithms are required. At the same time, algorithms that successfully 

work for a specific statement of the problem are inapplicable or give poor results for 

other problems. One of the most common methods for reducing the computational 

complexity of algorithms is the choice of different heuristics. For example, hashing a 

certain fixed set of "main" words or document sentences, sampling a set of substrings 

of text, using dactylograms, and etc. 

Resistance to small changes and ability to process short documents is the one of 

the key requirement for the quality of detection algorithm for duplicates. 

To identify fuzzy duplicates, we can use the shingles method. To use shingles 

method we need to divide all the texts under consideration to shingles. The division 

into shingles can be carried out in different ways. A shingle can contain one letter or 

one word, or a sentence or several sentences. The division can go one after the other 

(butt-end), can overlap (overlap), can go some distance from each other, skipping a 

few characters or words. The quality and accuracy of document matching depends on 

the size of the shingle. Different methods of dividing the text into shingles can vary 

greatly in effectiveness. The larger the shingle, the greater the spread of the probability



of borrowing. This leads to incorrect comparison results. If the shingles go one after 

another (butt-end), then moving them with only one or two symbols can change the 

whole text beyond recognition for the document comparison system, since the shifted 

shingles will contain completely different words and symbols. This effect can be 

avoided by applying the method of imposing shingles (overlap), or a method of 

selective taking of shingles. If the shingle is small (1 or 2 characters or words), then 

the accuracy of the comparison can be very high, but the processing power required to 

implement a comparison system with such shingles may be too large, because one of 

the main tasks of using shingles is to reduce the complexity of comparing documents. 

Reduction of the compared text is achieved by encoding the shingle, converting it to 

some number, for example, using the algorithms CRC, MD5, SHA], etc. All the 

shingles of the document form a list of hashes to be compared. By hashes obtained by 

converting the shingles, the comparison system compares the documents and 

determines the probability of their coincidence. To measure of how similar obtained 

set of hashes are we can use Jaccard Coefficient. It is calculated as intersection of sets 

divided by union of sets. Now we have a one method to compare documents for 

similarity. But this method is not efficient. Because if we divide documents by 5 

words as shingles and our first document contains 30000 words and second document 

contains 50000 words, then our first set will contain 29996 shingles, second set will 

contain 49996 shingles. To compare and store them we need to use a lot of computer 

resources. 

To speed up the comparison of the shingles, we can use MinHash algorithm. 

MinHash algorithm reduces the amount of data that must be stored and compared. For 

example, we can select 250 random selected shingles to compare. To compare and 

store we can convert shingles into checksums. Comparing and storing checksums are 

easier than comparing shingles. Because one shingle can contain a lot of sequence of 

words or symbols. After converting shingles into checksums, we have 250 integer 

checksums, instead of 250 randomly selected shingles. So, in order to compare 29996 

and 49996 shingles, now we need to compare 250 integer hash values to another 250 

integer hash values.



To identify fuzzy duplicate of image file, we need to extract text information 

from image. To extract text information from image files we can use tools like 

Tesseract, OpenCV and etc. After extracting we can easily use result of extraction as 

input of search using shingle method. 

The practical significance of the thesis is determined by the effectiveness of the 

methods, algorithms implemented in the application, allowing to effectively search for 

the similarity between documents. This in turn can be applied in universities and 

schools. 

The scientific novelty of the thesis is to solve the following problems: 

— Effective methods and algorithms for finding copies and duplicates of text are 

proposed and developed; 

— An effective method for recognizing text from an image is developed. 

The thesis consists of an introduction, four sections, conclusion and list of used 

literature. The first section provides an analysis of existing methods and technologies 

for recognizing texts from images and searching for duplicates, describing their 

advantages and disadvantages. The second section describes the method of 

recognizing text from an image, examples are considered. The third section describes 

in detail the methods and algorithms for finding copies and duplicates of text with 

examples. In the last, fourth section, the results of experiments and scheme of work of 

the application are given.



1 REVIEW OF EXISTING METHODS 

1.1 Review of existing methods of text recognition 

Technologies which are used to recognize text inside images is called Optical 

Character Recognition (OCR). These technologies are used to convert any image 

containing written, typed, handwritten or printed text into machine-readable data. In 

OCR processing, the character recognition is achieved through important steps of 

segmentation, feature extraction and classification [1]. Optical Character Recognition 

(OCR) accuracy depends on the quality of input files. 

Recognition is widely used to convert books and documents into electronic 

format, to automate accounting systems in business or to publish text on a web page. 

OCR allows you to edit the text, search for words or phrases, store 1t more compactly, 

display or print material without losing quality, analyze information, and to apply to 

the text of the electronic translation, formatting or conversion to speech. Optical text 

recognition is an explored problem in the areas of pattern recognition, artificial 

intelligence and computer vision. 

Optical recognition systems require calibration to work with a specific font; in 

the early versions for programming, it was necessary to display each symbol, the 

program could simultaneously work with only one font. Currently, the most common 

are the so-called "intelligent" systems, with a high degree of accuracy recognizing the 

majority of fonts. Some OCR systems can restore the original text formatting, 

including images, columns, and other non-text components. 

History 

In 1929 Gustav Tauschek received a patent for the method of optical text 

recognition in Germany, after which he was followed by Paul W. Handel, obtaining a 

patent for his method in the United States in 1933. In 1935, Tauschek also received a 

United States patent on his method. The Tauschek machine was a mechanical device 

that used templates and a photodetector. 

In 1950, David H. Shepard, a cryptanalyst from the United States Armed 

Forces Security Agency, analyzed the task of converting printed messages into 
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computer language for computer processing, and after analyzing he built a machine 

that solves this problem. After he received a United States patent, he reported this to 

the "Washington Daily News" on April 27, 1951 and to "New York Times" on 

December 26, 1953. Then Shepard founded a company that develops intelligent 

machines, which soon released the world's first commercial optical character 

recognition systems. 

The first commercial system was installed on the "Reader's Digest" in 1955. 

The second system was sold to the company "Standard Oil" for reading credit cards 

for working with checks. Other systems supplied by Shepard were sold in the late 

1950s, including a page scanner for the US National Air Force, designed to read and 

transmit typing messages on typewritten messages. IBM later received a license to 

use Shepard's patents. 

Around 1965, Reader's Digest and RCA began collaborating to create a 

machine for reading documents using optical text recognition designed to digitize the 

serial numbers of the Reader's Digest coupons that had returned from advertisements. 

For printing on documents with the drum printer "RCA", a special OCR-A font was 

used. The machine for reading documents worked directly with the computer RCA 

301 (one of the first semiconductor computers). The speed of the machine was 1500 

documents per minute. 

Postal Service of the United States since 1965 to sort mail uses machines that 

work on the principle of optical recognition of text, created on the basis of 

technologies developed by the researcher Jacob Rabinow. In Europe, the first 

organization using machines with optical text recognition was the British Post Office. 

Mail of Canada has been using optical character recognition systems since 1971. At 

the first stage, the recipient's name and address are read in the Sorting Center of the 

OCR system and the bar code is printed on the envelope. It is applied with special 

inks, which are clearly visible in ultraviolet light. This is done to avoid confusion 

with the address field filled with a person that can be anywhere on the envelope. 

In 1974, Raymond Kurzweil created the company Kurzweil Computer 

Products, and began working on the development of the first optical character 
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recognition system capable of recognizing text printed in any font. Kurzweil believed 

that the best application of this technology is the creation of a reading machine for the 

blind, which would allow blind people to have a computer that can read the text 

aloud. This device required the invention of two technologies at once: a CCD flatbed 

scanner and a synthesizer that converts text to speech. The final product was 

presented January 13, 1976 during a press conference, headed by Kurzweil and the 

leaders of the National Federation of the Blind. 

In 1978, Kurzweil Computer Products began selling a commercial version of 

the computer program for optical character recognition. Two years later, Kurzweil 

sold his company to Xerox Corporation, which was interested in further 

commercializing text recognition systems. Kurzweil Computer Products has become 

a subsidiary of Xerox, known as ScanSoft. 

The first commercially successful program recognizing the cyrillic alphabet 

was the "AutoR" program of the Russian company "OCRUS". The program began to 

be distributed in 1992, operated under the DOS operating system and provided an 

acceptable speed and quality recognition even on personal computers IBM PC / XT 

with an Intel 8088 processor at a clock speed of 4.77 MHz. In the early 90's, Hewlett- 

Packard supplied its scanners to the Russian market with the AutoR program. The 

algorithm "AutoR" was compact, fast and fully font-independent. This algorithm was 

developed and tested in the late 60's by two young biophysics, graduates of MIPT - 

G.M. Zenkin and A.P. Petrov. Their method of recognition, they published in the 

journal "Biophysics" in Number 12, no. 3 for the year 1967. At present, the Zenkin- 

Petrov algorithm is applied in several applied systems that solve the problem of 

recognizing graphic symbols. Based on the this algorithm by Paragon Software 

Group in 1996, PenReader technology was created. G.M. Zenkin continued work on 

PenReader technology in the company Paragon Software Group. 

Optical Character Recognition software 

Accurate recognition of latin characters in printed text is currently possible 

only if clear images, such as scanned printed documents, are available. Accuracy in 
this formulation of the problem exceeds 99%. Absolute accuracy can be achieved 
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only by subsequent editing by a person. The problems of recognizing printed and 

standard handwritten text, as well as printed texts of other formats, are currently the 

subject of active research. 

The accuracy of the methods can be measured in several ways and therefore 

can vary greatly. For example, if a specialized word is encountered that is not used 

for the corresponding software, when searching for nonexistent words, the error may 

increase. 

Another widely researched task is handwriting recognition. Nowadays, the 

accuracy achieved is even lower than for a handwritten printed text. Higher indicators 

can only be achieved using contextual and grammatical information. For example, 

during recognition, searching for whole words in a dictionary is easier than trying to 

identify individual characters from the text. Knowledge of the grammar of the 

language can also help to determine whether a word is a verb or a noun. Forms of 

individual handwritten characters may sometimes not contain enough information to 

accurately recognize all handwritten text. 

To solve more complex problems in the field of recognition, as a rule, 

intelligent recognition systems, such as artificial neural networks, are used. 

Optical Character Recognition (OCR) process has several general steps. Every 

step of OCR is important. If any result of step is not correct then whole OCR process 

will fail. 

— Loading an image from a given source. Generally OCR algorithms supports 

wide array of file formats like pdf, bmp, jpg, png and tiff. Once the image file is 

loaded, the OCR algorithm can start to work. Loading files can be scanned 

documents, photographs, and etc. Regardless of the original format, OCR algorithm 

will transform uploaded files into other format which is easily accessible and editable 

for algorithm. 

— Extracting important features from image like resolution, inversion and etc. If 

necessary image must be inverted and rescaled before processing. Because many 

OCR algorithms only works with predefined background colors, foreground colors 

and font sizes. 
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— Image can contain a lot of noises or can be skewed. To improve the quality of 

image we need to denoise and deskew image using denoising and descewing 

algorithms. 

— Generally OCR algorithms works only with bi-tonal images. Bi-tonal image is 

image which uses only two colors. For example, black and white. RGB and 

grayscaled images must be firstly converted to bi-tonal image. The process of 

converting RGB or grayscaled images to bi-tonal images is called binarization. This 

step is very important on OCR algorithms. Because if image binarization process is 

not correct then whole OCR process can fail. 

— Finding lines and removing them from images. This step can improve page 

layout analysis. By finding and removing lines from image we can improve 

recognition quality to detect tables, for underlined texts and etc. 

— Page layout analysis. By help of page layout analysis we can find important 

areas and their types, positions from image. This step is also called zoning. 

— Detection of words and lines with text. It is one of the difficult tasks. Because 

text information can be on different font sizes, can contain different spaces between 

lines with texts and between words. 

— Characters analysis (combined and broken). Some characters on text can touch 

each other or can be broken into several parts. To find correct position of characters 

on text we need to find and detect this kind of cases. 

— Character recognition. After image pre-processing steps, every character will 

be converted to character code. But sometimes this process can produce several 

character codes for one character. Because some characters are similar to each other. 

For example, this step of OCR can produce "I", "I", "|", "1" for character "I". To 

improve character recognition step we can use dictionary. 

Nowadays OCR has been succesfull and widely used. For example, automatic 

number plate reader (SERGEK), signature verification and identification (banks and 

etc.), car rentals, ticket validation and etc. 
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There are a lot of free, non-free OCR applications, softwares exists [2]. 

Examples for free software: Tesseract, Ocrad, CuneiForm, OCRFeeder, GOCR, 

OCRopus and etc. Some of free softwares also supports command line 

implementations. Examples for non-free, commercial software: VueScan, OmniPage, 

Microsoft Office Document Imaging, Nuance PaperPort Professional, ABBYY 

FineReader, ReadSoft and etc. 

CuneiForm 

CuneiForm is a free OCR system. It transforms image files and electronic 

documents like pdf into editable documents without changing document fonts and 

structure of document. CuneiForm was developed by Cognitive Technologies in 

1993. Firstly CuneiForm was a commercial product. In 2008 it became free, an open- 

source program. It supports about 20 languages. 

CuneiForm is able to instantly identify all the standard characters of all sorts of 

text and fonts. It can recognize books, magazines, newspapers, fax, xerox copies, 

texts from ancient typewriters and so on, excluding the decorative font and 

manuscript. In the CuneiForm program code, a number of unique innovative 

technologies of Optical Character Recognition are used, such as: adaptive recognition 

using font-independent instructions, neural-analytical normalization networks, 

cognitive analytics of alternative text interpretation options, special algorithms for dot 

matrix printer, poor results of photocopying, faxes and typewritten pages and other. 

CuneiForm can easily downloaded from internet and installed on operating systems 

like Windows 7, Windows 8, Windows 7, Windows Vista and Windows XP. 

CuneiForm is able to recreate an absolute copy of the source. Formatting and 

Structuring, indents, footnotes, indices, number and size of columns, paragraphs, 

arrangement of separate fragments of text, table elements and illustrations, font styles 

and other elements of font design of original document are preserved. 

GOCR 

GOCR is free OCR program. It was written by Jorg Schulenburg. It also known 

as JOCR. It is used to convert image files to text data. GOCR can also translate 
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barcodes. GOCR supports command-line and different operating systems. It accepts 

image formats: pgm, ppm, pnm, tga, pbm. Other widely used image formats like png, 

jpg, tiff, giff, and bmp also acceptable. If user uploads formats like png, jpg, tiff, giff, 

or bmp, application automatically converts uploaded file formats using netpbm-progs, 

gzip and bzip2 to pnm, pbm, pgm, ppm or tga. 

Ocrad 

Ocrad is a free OCR system. Ocrad uses feature extraction method to convert 

image to text. It accepts image formats like pgm, pbm and ppm. After reading image 

Ocrad returns text in UTF-8 format or in byte. It can be used as backend of other 

programs or can be used as stand-alone application. Ocrad supports page layout 

analyser that can be used to detect text zones from images. 

OCRFeeder 

OCRFeeder is a program that provides a graphical user interface for optical 

character recognition systems. OCRFeeder is a free program for the Linux operating 

system. It can run in command-line mode. It supports image formats like tiff, pnm, 

pgm, ppm, pbm, png, jpg, jpeg, bmp, gif and etc. It also supports pdf format. 

OCRFeeder can process input image to improve the quality of recognition using noise 

filters and etc. After processing input documents it can return result as text file or in 

formats like odt, html or pdf. OCRFeeder is written in Python and uses libraries and 

components like PyGTK (for the graphical user interface), ReportLab (to import pdf 

files), Unpaper (for image processing), PIL (to work with images) and PyeEnchant, 

PyGtkSpell (to check orthography). 

OCRopus 

OCRopus is a collection of document analysis programs. It is OCR system for 

text recognition based on tesseract. It supports FreeBSD, Linux, Mac OS X. 

OCRopus is developed under the lead of Thomas Breuel from the German Research 

Centre for Artificial Intelligence in Kaiserslautern, Germany and was sponsored by 

Google [3]. It supports a large number of fonts and languages. OCRopus by default 

comes with English model. If necessary OCRopus can be train for new language 
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models or for new characters. To recognize text it uses recurrent neural networks. 

Also OCRopus can be used on command-line mode. 

Tesseract 

Tesseract is a free computer program for text recognition. Tesseract was 

originally developed at Hewlett-Packard Laboratories Bristol and at Hewlett-Packard 

Co, Greeley Colorado between 1985 and 1994, with some more changes made in 

1996 to port to Windows, and some C++izing in 1998. In 2005 Tesseract was open 

sourced by HP. Since 2006 it is developed by Google [4]. Tesseract can recognize 

more than 100 languages. To recognize other languages Tesseract can be trained. 

Tesseract can return result of recognition as text or on formats like pdf, html, tsv. To 

get better recognition results, input image quality needs to be improved. Improvement 

can done by using OpenCV library or other tools like ImageMagick, Leptonica. 

Improvements steps contain: rescaling, binarization, noise and border removal, 

rotation and deskewing. By default Tesseract uses Leptonica to process image before 

doing actual OCR. 

How Tesseract works: 

— Analyzing contours and storing it 

— Gathering contours as blobs 

~ Organizing blobs into text lines 

— Breaking text lines into words 

— Trying to recognize each word in turn at first pass of process of recognition 

— Passing words which are satisfactory to adaptive trainer 

— Trying to recognize not satisfactory words from first pass of recognition 

process on second pass using adaptive trainer 

— Checking text for small caps and resolving fuzzy spaces 

— Outputting digital text 

During these processes, Tesseract uses: 

— algorithms for detecting proportional and non proportional words (proportional 

word is a word where all letters are the same width) 
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— page layout analysis for detecting text lines 

— algorithms for chopping joined characters and for associating broken characters 

— linguistic analysis for determine the most probable word formed by a cluster of 

characters 

— two character classifiers: a static classifier, and an adaptive classifier which 

employs training data, and which is better at distinguishing between upper and lower 

case letters 

Example of text recognition 

As an example used python implementation of Tesseract called pytesseract for 

OCR. As image preprocessing tool was used OpenCV library. 

First step is image processing. So, we need to convert to grayscale, binarize, 

find edges, deskew, find text zone and crop image. To find edge from image first we 

need to convert rgb image to grayscale image using OpenCV function cv2.cvtColor. 

Then to find edges we can use cv2.Canny function. After we need to find contours 

using function cv2.findContours and approximate the each contour. We can assume 

that we have found text zone from image if approximated contour contains 4 points. 

Now, we need to deskew and denoise image. From deskewed and denoised image we 

need to find text regions. So, we can blur image and find text regions and crop them. 

After cropping process we can send cropped image as input of python 

implementation of Tesseract OCR called pytesseract, Pytesseract returns text. Now 

we can test Tesseract OCR accuracy. To calculate accuracy we can use python library 

called jellyfish. This library contains different methods to measure difference between 

two strings like Jaro distance and Jaro-Winkler distance. 

Jaro distance is a string-edit distance that gives a floating point response in 

(0,1) where 0 represents two completely dissimilar strings and 1 represents identical 

strings [5]. 

Jaro-Winkler is a modification/improvement to Jaro distance, like Jaro it gives 

a floating point response in (0,1) where 0 represents two completely dissimilar strings 

and | represents identical strings [5]. 
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1.2 Review of existing methods and systems of searching duplicates 

The search for near duplicates allows us to assume whether two objects are 

partially identical or not. An object can be understood as text files, webpages and 

other types of data. There are a lot of methods and algorithms to solve this problem. 

But some of them works well on small data, some of them on large data. So, we need 

to know when to use each algorithm. 

Currently, software and algorithmic tools aimed at detecting non-original 

publications are able to solve important practical problems: eliminate identical texts 

from the output of search engines, identify matching web pages, exclude duplicate 

information from databases, prevent the publication of identical articles in scientific 

journals, detect borrowing of other people's results and ideas. 

Despite the intensive development of methods for detecting fuzzy duplicates, at 

the present time it has not been possible to create a universal approach that ensures 

the best completeness and accuracy in different samples. The complexity of the 

development is due to the specifics of the processing of textual information: the lack 

of mechanisms for a logical and mathematical description of the meaning of the 

material being presented, the large dimension and complexity of the task, the small 

size of samples, and so on. 

A large number of theoretical and experimental studies have now been 

published, aimed at studying the advantages and limitations of various procedures for 

identifying fuzzy duplicates [6, 7]. There are sufficiently complete reviews in which a 

description of the algorithms and the results of their comparative analysis are given 

[8]. 

In most publications procedures are generally divided into two classes: 

syntactic methods (analysis of sequences consisting of symbols, words or sentences) 

and lexical methods (analysis of informative terms). At the same time, it seems 

expedient to use more detailed systematization. One such systematization combines 

methods based on the principle of a general approach to decision-making when 

identifying fuzzy duplicates: specialized distances (Hamming distance, Levenshtein 

distance, Damerau—Levenshtein distance, Jaro distance, J aro-Winkler distance), 
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shingles and their modifications (super singles, megashingles, Winnowing, SpotSigs), 

procedures based on the calculation of weights of terms (the method of reference 

words, I-match), proximity measures (associative coefficients, cosine measure, 

Monge-Elkan matching scheme, a two-level comparison function based on soft tfidf- 

weighting) [8, 9, 10]. 

One of the first studies in the field of finding fuzzy duplicates is the work of U. 

Manber [11] and N. Heintze [12]. In these works, sequences of neighboring letters are 

used to construct the sample. The file or document file dactylogram includes all text 

substrings of fixed length. The numerical value of the dactylograms is calculated 

using the random polynomial algorithm Rabin-Karp [13]. As a measure of similarity 

between the two documents, the ratio of the number of common substrings to the size 

of the file or document is used. A number of methods aimed at reducing the 

computational complexity of the algorithm are proposed. U. Manber used this 

approach to find similar files (utility sif), and N. Heintze - to detect fuzzy duplicates 

of documents (Koala system). 

In 1997, A. Broder proposed a new method for assessing the similarity between 

documents, based on the representation of the document in the form of a set of all 

possible sequences of fixed length k consisting of neighboring words. Such sequences 

were called shingles. Two documents are considered similar if their sets of shingles 

significantly overlapped. Since the number of shingles is approximately equal to the 

length of the document in words, i.e. is quite large, the authors proposed two 

sampling methods for obtaining representative subsets [14, 15]. 

The first method was left only by those shingles, which dactylograms, 

calculated by the Rabin-Karp algorithm, were divided without a remainder by a 

certain number m. The main drawback is the dependence of the sample on the length 

of the document, and therefore documents of small size were represented either by 

very short samples or not at all. The second method selected only a fixed number s of 

shingles with the lowest values of the fingerprints or left all the shingles if their total 

number did not exceeds. 
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Further development of A. Broder's concepts is the research of D. Fetterly [16]. 

For each chain, 84 dactylograms are calculated by the Rabin-Karp algorithm using 

one-to-one and independent functions that use random sets ("minwise independent") 

of simple polynomials. As a result, each document was represented by 84 shingles, 

minimizing the value of the corresponding function. Then 84 shingles are divided into 

6 groups of 14 (independent) shingles in each. These groups are called "super 

shingles". If two documents have similarities, for example, p ~ 0.95 (95%), then the 

corresponding 2 super-shingle in them coincide with the probability p' ~ 0.95'* ~ 

0.49 (49%). 

Since each document is represented by 6 super-shingles, the probability that at 

least two super- shingles will match at least two documents is: | - (1-0.49)° - 6 * 0.49 

* (1-0.49)° ~ 0.90 (90%). For comparison: if two documents have a similarity only p 

~ 0.80 (80%), then the probability of coincidence of at least two super-shingles is 

only 0.026 (2.6%). 

Thus, for effective verification of the coincidence of at least 2 super-shingles, 

each document is represented by all possible pairwise combinations of 6 super- 

shingles, which are called "mega-shingles". The number of such mega-shingles is 15. 

Two documents are similar in content if they have at least one mega-shingles. 

The key advantage of this algorithm over A. Broder's research is that, firstly, 

any document (including a very small one) is always represented by a fixed-length 

vector, and secondly, the similarity is determined by a simple comparison of the 

vector coordinates and does not require to perform set-theoretic operations as in A. 

Broder’s research. 

Another signature approach, based not on syntactic but on lexical principles, 

was proposed by A. Chowdhury in 2002 and improved in 2004. [17, 18]. The basic 

idea of this approach is to calculate the I-Match dactylogram for presenting the 

contents of documents. For this purpose, first a dictionary L is constructed for the 

original collection of documents, which includes words with mean IDF values, since 

such words provide, as a rule, more accurate results when fuzzy duplicates are 

detected. Words with large and small IDF values are discarded. 
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Then, for each document, a set of U different words is formed, and the 

intersection of U and the dictionary L is determined. If the size of this intersection is 

greater than some minimum threshold, then the list of words entering the intersection 

is ordered and an I-Match signature is calculated for it using hash function SHA1. 

Two documents are considered similar if they have the same I-Match 

signatures. The algorithm has a high computational efficiency, exceeding the 

parameters of the algorithm A. Broder. Another advantage of the algorithm is its high 

efficiency when comparing small-sized documents. The main drawback is the 

instability to small changes in the content of the document. 

To overcome this drawback, the original algorithm was modified by the 

authors, and the possibility of multiple random mixing of the main vocabulary was 

introduced into it. The essence of the new improvements is as follows. In addition to 

the basic dictionary L, K different L)-Lx dictionaries are generated, which are 

obtained by accidentally removing from the source dictionary some small fixed part 

of words, which is about 30% -35% of the original volume L. 

For each document, instead of one, the (K + 1) I-Match signature is calculated 

using the algorithm described above, i.e. the document is represented as a vector of 

dimension (K + 1), and two documents are considered duplicates if they have at least 

one of the coordinates. If the document undergoes minor changes (of the order of n 

words), then the probability that at least one of the K additional signatures will 

remain unchanged will be: 1 - (1-p")*. 

A similar approach is described in the work of W. Pugh [19] from Google. The 

author suggests that a complete dictionary of the document be divided into a fixed 

number of word lists using a hash function. For example, using the remainder of 

dividing the hash code by the number of lists. Then, for each list, a fingerprint is 

calculated and two documents are considered similar if they have at least one 

common fingerprint. The author gives estimates of the stability of the algorithm to 

small changes in the content of the original document. There is no information on the 

effectiveness of practical application for reasons of confidentiality. 
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Another signature approach, also based on lexical principles (use of the 

dictionary) is the method of descriptive words, proposed by S. Ilyinsky, M. Kuzmin, 

A. Melkov, I. Segalovich [20]. 

The essence of the algorithm is as follows. First, from the index, a set of N 

words is selected from a certain rule (N is determined experimentally), called 

"descriptive" ones. Then each document is represented by an N-dimensional binary 

vector, where the i-th coordinate is | if the i-th "reference" word has in the document 

a relative frequency above a certain threshold (separately for each "reference" word) 

and equal to 0 otherwise the case. This binary vector is called the signature of the 

document. Two documents are similar if they have the same signatures. 

General considerations for constructing a set of descriptive words are as 

follows: 

1. The set of words should cover the maximum possible number of documents. 

2. The "quality" of the word should be the highest. 

3. The number of words in the set should be minimal. 

Algorithm for constructing a set and selecting threshold frequencies. Let 

"frequency" be the normalized document frequency of the word in the TF document, 

lying in the range 0...1, where 1 is the frequency of the most frequent word in the 

document. For each word (once), the distribution of documents is based on such an 

document "frequency". We perform several iterations, each of which consists of two 

phases (1) and (2). In (1), the coverage of documents in the index is maximized for a 

fixed (bounded from below) accuracy; in (2) the accuracy is maximized for a fixed 

covering. After each iteration, we drop the most "bad" words. After the last iteration, 

leave enough words for a good coverage. This method allows, starting with a sample 

of hundreds of thousands of words, to leave a set of 3-5 thousand, the calculation of 

signatures by which with the use of the full-text index is carried out on the billions 

index for several minutes on the search cluster of Yandex. 

There are a lot of algorithms and applications are exists. Some of them are 

described below with examples. 

23



Shingle method 

Shingle method can be used to check text for duplicate content. To use shingles 

method we need to divide all the texts under consideration to shingles. The division 

into shingles can be carried out in different ways. A shingle can contain one letter or 

one word, or a sentence or several sentences. For example, for the text “I did not see 

them at the station because Almas and Zhalgas arrived at the bus station before noon”, 

the shingle size 5 would be: 

— I did not see them; 

— did not see them at; 

— not see them at the; 

- see them at the station; 

— them at the station because; 

— at the station because Almas; 

— the station because Almas and: 

- station because Almas and Zhalgas; 

~ because Almas and Zhalgas arrived; 

— Almas and Zhalgas arrived at; 

— and Zhalgas arrived at the; 

— Zhalgas arrived at the bus; 

- arrived at the bus station; 

— at the bus station before; 

— the bus station before noon; 

In shingle method selecting word, character size for shingle can vary greatly in 

effectiveness. If we choose big size for shingle then it can lead us to incorrect 

comparison results. If the shingles size too small, then the accuracy of comparison can 

be high, but it needs more processing powers. Because of shingle method is used to 

reduce the complexity of comparing two texts, data, documents, we need to select 

shingles size more accurately. 

Simple shingle method for duplicate detection contains several steps: 
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— canonization of text — process of removing useless signs, words, prepositions, 

points, symbols from text. We need only interested in a set of meaningful words. 

— splitting into shingles — process of diving text into set of subsequences. Amount 

of set can be calculated by number of words minus size of shingle plus one. So, if we 

have 1000 words after canonization and size of shingle is 5, then set of shingles length 

will be 1000 —5 + 1, 996. 

— computing hashes for shingles — process of computing checksum for each 

shingle. Here we can use different types of hashing algorithms. Because of hash 

collision, we need to select hashing algorithm accurately. In shingle method hashing is 

used to minimize size of data and comparison. 

— searching for identical subsequences — process of comparing hashes. In this step 

we can use metrics like Jaccard coefficient and etc. 

Let’s say we have two texts: text] is “One of the urgent tasks of the modern 

information society is to find documents that are completely and partially similar to 

each other” and text2 is “Search for documents that are completely or partially similar 

to each other is one of the urgent tasks of the modern information society”. 

First step of shingles method is text canonization. So we need to lowercase, 

remove not letters, remove extra spaces, remove punctuation, remove symbols which 

length is smaller or equal to two and remove words like ‘i’, ‘me’, ‘do’, ‘the’, ‘a’, ‘an’, 

‘because’ and etc. After text canonization step text] becomes “one the urgent tasks the 

modern information society find documents that are completely and partially similar 

each other” and text2 becomes “search for documents that are completely partially 

similar each other one the urgent tasks the modern information society”. 

Second step is splitting our texts into shingles. Let’s select three as shingle size. 

Result of splitting into shingles for text] is equals to set (‘one the urgent’, ‘the urgent 

tasks’, ‘urgent tasks the', ‘tasks the modem’, 'the modern information’, 'modern 

information society’, ‘information society find’, ‘society find documents’, ‘find 

documents that’, ‘documents that are’, 'that are completely’, ‘are completely and’, 

‘completely and partially’, 'and partially similar’, 'partially similar each’, ‘similar each 

other’). Result of splitting into shingles for text2 is equals to set (‘search for 
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documents', 'for documents that', 'documents that are’, 'that are completely’, ‘are 

completely partially’, ‘completely partially similar’, ‘partially similar each’, ‘similar 

each other’, ‘each other one’, other one the’, ‘one the urgent’, 'the urgent tasks’, ‘urgent 

tasks the’, 'tasks the modern’, 'the modern information’, 'modern information society’). 

Third step is computing hash values for shingles. As hash function used 

MurmurHash version 3 with seed value 5. Hash values for text] is set (2092786056L, 

-117797895L, 1091229950L, -1719675260L, 1475834944L, -1933512722L, - 

919041499L, -1169735792L,  -1963868842L, 1454935347L, —38303714L, 

443125013L, 1634745116L, -1648892685L, -1401603515L, 774181926L) and for 

text2 is set (650162799L, 255259750L, 1454935347L, 38303714L, -1612114097L, - 

932889383L,  -1401603515L,  774181926L, 511101 553L, 907266865L, 

2092786056L, -117797895L, 1091229950L, -1719675260L, 14758349441, - 

1933512722L) 

Last step is search for identical subsequences. To calculate similarity we can 

use different metrics, but on this example we will use Jaccard coefficient which 

calculated by formulae set A intersection set B divided by set A union set B. In our 

case intersection of hash values for text] and text2 sets is equals to 20, and union of 

hash values for textl and text2 is equals to 32. Jaccard similarity will be 20 / 32 * 100. 

So result of similarity between text] and text2 is 62.5%. 

To speed up shingles method, we can use MinHash algorithm, super-shingles, 

mega-shingles. Shingles method can be used on different areas like search engines 

[21], on clustering and etc. 

Fuzzy String Matching 

Fuzzy String Matching is the process of finding strings that matches to given 

pattern. The similarity of matching to pattern is measured in terms of distances to edit. 

Distances to edit is the number of operations needed to convert string into exact 

match. Operations are usually insertion, substitution and deletion. Insertion is used to 

insert new character to given position. Deletion is used to delete some character. 

Substitution is process of replacing some character with new character. Fuzzy String 
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Matching used to solve different tasks. For example: text plagiarism detection, spell- 

checking, spam filtering and etc. 

Turnitin 

Tumitin is online, commercial plagiarism detection service. Turnitin was 

launched in 1997. It is used as SaaS by schools and universities. Turnitin checks all 

submitted files by its database and returns plagiarism score as percentage. Turnitin 

database contains public internet resources, newspapers, books, student papers, and 

journals. 

Copyleaks 

It is online service which is used to find out if textual content is original and 

where it has been used before. Using copyleaks we can detect plagiarism in online 

content, webpages, text, images of text (images with text information). To use this 

service we can connect to copyleaks using copyleaks api using copyleaks account. We 

can use this service for education (for students, universities, schools), for businesses 

(for publishers, for SEO) [22]. 

Rabin-Karp Algorithm 

The Rabin-Karp algorithm is a string search algorithm that looks for a pattern 

using hashing. Pattern is substring in the text. It was developed in 1987 by Michael 

Rabin and Richard Carp. One of the simplest practical applications of the Rabin-Karp 

algorithm is to detect plagiarism. 

Say there is a word of length m and a document of length n. Both the word and 

the document are represented as strings. The naive way to search the document for the 

word would be to start at the beginning of the document and check every m sequential 

letters to see if it matches up with the letters in the word. If the m letter slice of the 

document matches with the m letters in the word, then a match has been found [23]. 

This kind of string checking is very slow. Because in this kind of checking 

algorithm complexity is O(nm). O(nm) means that algorithm needs n*m operations to 

complete. If document length n is very large, then this algorithms’ complexity is 

O(nn), meaning it needs n*n operations to complete. 
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To speed-up this kind of algorithm is to reduce the number of unnecessary 

comparisons. For example, if substring we are checking is "BAG" and segment of text 

that we comparing it is "THB", then we can see that after first operation of comparison 

between first characters "B" and "T" that this will not be match. Because of this we 

can start to compare other segments of text without wasting time to comparing 

remaining two letters since we know that they won’t match. 

Rabin-Karp algorithm uses rolling hash technique and hash functions. Rolling 

hash used to calculate a hash value of string or substring without rehash the entire 

string. Rolling hash technique used to speed-up Rabin-Karp algorithm. 

For example, let's say that we have hash function H which return unique prime 

number to each character of alphabet. And we are searching from string "loremipsum" 

of length 10 for substring "mip" of length 3. Here to search for substring "mip" we can 

use rolling hash technique. At each step we need compare 3 characters of string 

“loremipsum” to substring "mip". On first step we get hashes for first 3 characters of 

string "loremipsum" like H(l), H(o), H(r) and compute them to get hash value of 

substring "lor". To get hash value of s 

And then we need to compare hash val 

need to calculate hash value of, next 3 

ubstring "mip" we can make same operation. 

ues, it will be not match. On second step we 

characters of string “loremipsum", substring 

"ore". To calculate hash value substring "ore" we can get hash function of H(o), H(), 

H(e), but we will repeat work which we already do. So we can calculate hash value of 

"by hash function H(1) and 
" by dividing hash value of substring “lor 

substring "ore 
are this hash value with hash value of 

multiplying it by H(e). Now we need to comp 

substring "mip" and so on. 

Rabin-Karp algorithm in rolling hash i 

action. There are constant number of 
mplementation uses only simple 

Operations like addition, multiplication and substr 

Operations at each step of algorithm, so these operations complexity is O(1). 

ration of comparing substring searching for with substring of text 

Complexity of ope 
| 

ity of ill be O(k). 

will be also O(1). So 
lexity of step will be (k) 

If our text len 

-Carp algorithm is O(n+m). 
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then complexity of Rabin-Carp algorithm will become O(nm). Because at each step 

algorithm must verify each letters. To avoid hash collisions we need select good hash 

function. 

LCS (Longest Common Substring) 

LCS stands for Longest Common Substring. It is one of the ways for computing 

how two strings are similar. It searches the length of longest commom subsequence 

between strings. LCS can be used in simple plagiarism detection. LCS used for file 

comparison, searching similar DNA sequences, and etc. 

TF-IDF 

Tf-idf stands for term frequency-inverse document frequency. tf-idf weight is a 

weight often used in information retrieval and text mining. This weight is a statistical 

measure used to evaluate how important a word is to a document in a collection or 

corpus. The importance increases proportionally to the number of times a word 

appears in the document but is offset by the frequency of the word in the corpus. 

Variations of the tf-idf weighting scheme are often used by search engines as a central 

tool in scoring and ranking a document's relevance given a user query [24]. Also Tf- 

idf can successfully used in plagiarism detection, filtering stop-words, text 

classification, text summarization and etc. 

On Tfidf, weight is composed by two terms. The first one is Term frequency 

(TF). Term frequency is 

number of words in a document. I 

The second one is the Inverse Document Frequency (IDF). Inverse Document 

with which some word occurs in the collection 

the ratio of the number of occurrences of a word to the total 

t shows importance of the word within document. 

Frequency is the frequency inversion, 

documents, IDF reduces the weight of commonly used words. For each unique word 

within a specific collection of documents, there is only one IDF value. Words with a 

high frequency within a specific document and with a low frequency of use in other 

documents will take high Tf-idf weight. 
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To use tf-idf weight for checking for plagiarism, what we need to is to find tf- 

idf for two texts and calculate similarity between two vector using cosine similarity 

[25]. 

Example of using tf-idf weight for checking for plagiarism. Let’s say we have 

two texts. Text! is “One of the urgent tasks of the modern information society is to 

find documents that are completely and partially similar to each other” and text2 is 

“Search for documents that are completely or partially similar to each other is one of 

the urgent tasks of the moder information society” like on example for shingle 

method. Here we need canonize texts, then we should create tf-idf matrix. To calculate 

similarity we will use cosine similarity. Result of similarity between text] and text2 

using tf-idf weight with cosine similarity is 63.37%. Result of similarity using 

shingles method with Jaccard coefficient was 62.5%. We can say that two results are 

almost similar. 

Bag of words 

The Bag-of-words model is the most popular and simple model of text 

representation used in many Text Mining tasks. The model represents the text as a set 

of words without regard to their mutual arrangement and mutual relations. With its 

use, the semantic proximity of two texts (two sets of words) is estimated by the 

number of matching words. This means that two texts in which there are few common 

words or none at all, are considered semantically and thematically not close. Ignoring 

the semantic links betwee 

The Bag-of-words model co 

n words is the main drawback of the Bag-of-words model. 

mmonly used as feature generation tool. For 

example, classification of documents based on occurrence of each word as feature. 

This model also used in computer vision and plagiarism detection applications. 

In this model text will transformed into bag-of-words model, then calculated 

various measures tO characterize text. Main characteristics, features which we can 

m the Bag-of-words model is frequency, meaning number of occurs of 

calculate fro 

ing this measures we can calculate similarity between two texts. 

word in the text. Us 

To calculate similarity we can use cosine similarity. 
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Let’s calculate similarity for two texts using Bag-of-words model and cosine 

similarity. Text] is “One of the urgent tasks of the modern information society is to 

find documents that are completely and partially similar to each other” and text2 is 

“Search for documents that are completely or partially similar to each other is one of 

the urgent tasks of the modern information society” like on example for shingle 

method. 

First step is to create Bag-of-words model for texts. Bag-of-words model for 

text] will be (‘the': 2, ‘and’: 1, ‘information’: 1, ‘tasks’: 1, 'society': 1, 'modern': 1, 

‘completely': 1, ‘one’: 1, ‘urgent’: 1, 'that': 1, ‘documents’: 1, ‘are’: 1, 'each': 1, ‘other’: 1, 

‘similar’: 1, 'find': 1, ‘partially’: 1). Model for text2 will be (‘the': 2, 'information': 1, 

'search': 1, 'documents': 1, 'for': 1, 'that': 1, ‘tasks’: 1, 'modern’: 1, 'one': 1, ‘urgent’: 1, 

‘completely’: 1, ‘other’: 1, ‘are’: 1, ‘each’: 1, 'society': 1, ‘similar’: 1, ‘partially’: 1). 

Second step is to calculate similarity between Bag-of-words models using 

cosine similarity. To calculate cosine similarity we need to calculate dot product and 

magnitude of two vectors, after we need to divide dot product by magnitude. To get 

percentage we need to calculate result of division by 100. For our example, magnitude 

equals to 20 and dot product equals to 10. So, result of similarity using Bag-of-words 

model using cosine similarity for text and text2 is equals to 90%. 

Calculating similarity between texts 

After extracting features from texts using various methods we need to calculate 

similarity between texts. To extract characteristics or features we can use TF-IDF, 

LCS (Longest Common Substring), Shingle method, Bag-of-words model and etc. To 

calculate similarity we can use metrics like cosine similarity, euclidean distance and 

etc. or if our text lengths are small we can use Jaro distance, Jaro- Winkler distance and 

etc. 

Jaro distance 

The Jaro distance is used to measure similarity between two strings. If Jaro 

distance is higher, then two strings is more similar. Jaro distance returns score between 
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0 and 1. 0 means there is no similarity between strings, 1 means exact match of two 

string. 

Jaro-Winkler distance 

The Jaro-Winkler distance is also used to measure similarity between two 

strings. Jaro-Winkler distance is a modification and improvement of Jaro distance. If 

Jaro-Winkler distance score is lower, then strings are more similar. But Jaro-Winkler 

score is normalized as in Jaro distance. It also returns score between 0 and 1 and 0 

means there is no similarity between strings, 1 means exact match of two string. The 

Jaro-Winkler similarity is given by | — Jaro-Winkler distance. 

Levenshtein distance 

Levenshtein distance is the minimum number of operations for inserting one 

character, removing one character and replacing one character for another, necessary 

for converting one line to another. It is a measure of the "similarity" of the two strings. 

For the first time the problem was mentioned in 1965 by the Soviet mathematician 

Vladimir Josifovich Levenshtein in the study of sequences 0-1. Subsequently, a more 

general problem for an arbitrary alphabet was associated with his name. 

Levenshtein distance and its generalizations are actively used to correct errors 

in the word (in search engines, databases, when entering text, when recognizing 

scanned text or speech), for comparing text files using the diff utility and in 

bioinformatics for comparing genes, chromosomes and proteins. 

Damerau-Levenshtein distance 

Damerau-Levenshtein distance is the minimum number of operations to insert, 

delete, replace one character, and transpose two adjacent characters needed to 

transform one string to another. It is a modification of the Levenshtein distance, differs 

from it by adding a permutation operation. 

The distance of the Damerau-Levenshtein, like Levenshtein metric, is a measure 

of the similarity of the two lines. The algorithm of its search finds application in 

realization of fuzzy search, and also in bioinformatics (DNA comparison), in spite of 

the fact that initially the algorithm was designed to compare texts typed by a person. 
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Damerau proved that 80% of human errors in typing texts are permutations of 

neighboring characters, skipping a character, adding a new character, and an error in 

the symbol. Therefore, the Damerau-Levenshtein distane is often used in spelling 

checker programs. 

Cosine similarity 

Cosine similarity is a measure of similarity between two vectors of the pre- 

hilbert space, which is used to measure the cosine of the angle between them. If two 

characteristic vectors, A and B, are given, cosine similarity, cos (6), can be represented 

using a dot product and magnitude as in formula (1). 

A:B yi, AB; 

similarity = cos(@) = TAI BI = isi" 

Jota ip B? 

One of the reasons for the popularity of cosine similarity is that it is effective as 

(1) 

an evaluation measure, especially for sparse vectors, since only non-zero 

measurements need to be taken into account. 

1.3 Conclusion for first section 

This section of the thesis provides an explanation and a scheme of work for the 

most popular algorithms and methods for text recognition and searching for duplicate, 

and for some of them example 

software applications exists to extract text informatio 

s are given. There are a lot of methods, algorithms and 

n from image files and to search 

for duplicate. Some of them are free to use, and some them are commercial. 

Most popular applica 

to search for duplicates are Shingles me 

ntains a lot of words we can use Minhash to check for plagiarism. 

tions, methods to extract text from image is Tesseract, and 

thod, Bag-of-words model and TF-IDF. If 

documents co 
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2 TEXT RECOGNITION 

To extract text information from image files we need some sort of page-layout 

analysis to find out where text is. When we looked at the image, we could 

immediately isolate the text region. For computer it is difficult to find text regions. 

On my application I have used OpenCV library to find and crop text region. Then I 

have used pytesseract (python implementation of Tesseract OCR) module to extract 

text from image. 

OpenCV (Open Source Computer Vision Library) is a library of algorithms for 

computer vision, image processing and numerical algorithms of general purpose with 

Open source. Implemented in C /C ++. Also, it exists for some other languages, for 

example, for Java, Python and etc. It includes various algorithms for computer vision, 

image recognition and much more, working in real time. All interested persons can 

use the OpenCV library for free, both for educational purposes and in commercial 

projects. 

It includes the algorithms like recognition objects in the video stream, 

recognition of printed and handwritten text, elimination of picture distortion, 

identification the similarity and shape of objects, tracking the movement of an object, 

ements, gestures and much more. As an example, this library can 
recognition of mov 

be used to search for faces on an image or in a video stream from a camera phone or 

camera. 

Nowadays recognition of objects 

vant. There is a lot of research in this area. For example, German 
in a multimedia video stream is becoming 

particularly rele 

oftware that recognized the figures of people, and depending on 

d, the program automatically turned the camera and watched 
scientists developed $ 

where the person move 

for person. 

The open license for OpenCV was designed in such a way that it was possible 

cial application using any OpenCV features. Since its alpha release 

to create a commer 
| 

applications and research projects, 

in January 1999, OpenCV has been used in many 

nventional maps and photographs from the satellite, 

including: the imposition of co 
the s 

ning, removal of noise from medical images, 

alignment of documents during scan 
34



analysis of objects, systems security, automatic surveillance, quality control systems 

at work, calibration of cameras, as well as unmanned aerial, ground and underwater 

vehicles. It was even used to recognize sound and music, where image recognition 

methods were applied to images of sound spectrograms. The OpenCV library is a 

powerful tool for solving problems in both scientific and industrial fields. 

2.1 Edge detection 

The first step is to detect edges using OpenCV. We need to resize input image 

to have height 500 pixels. Resizing image makes edge detection step more accurate 

and speeds up image processing. Then we need to convert the image from RGB to 

grayscale. After we should denoise our image using Gaussian blurring and perform 

Canny edge detection. Result of edge detection is shown on Figure 1. 

Figure 1. Original image and edges detected image 

Canny Edge Detection is a popular edge detection algorithm. It was developed 

in 1986 by John F. Canny and uses a multi-step algorithm to detect a wide range of 

boundaries in images. Algorithm is not limited to calculating the gradient of the 

smoothed image. In the boundary contour, only the points of the maximum of the 

image gradient are left, and not the maximum points lying near the boundary are 
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removed. It also uses information about the direction of the border in order to delete 

the points exactly next to the boundary and not break the boundary itself near the local 

maximums of the gradient. Then, using the two thresholds, weak boundaries are 

removed. A border fragment is processed as a whole. If the gradient value somewhere 

on the trace to be tracked exceeds the upper threshold, then this fragment also remains 

an "admissible" boundary and in those places where the gradient value falls below this 

threshold, until it falls below the lower threshold. If, on the whole fragment, there is 

not a single point with a value greater than the upper threshold, then it is deleted. Such 

it possible to reduce the number of discontinuities in the output 
a hysteresis makes 

boundaries. The inclusion of noise cancellation in the Canny algorithm on the one 

hand increases the stability of the results, and on the other - increases computational 

costs and leads to distortion and even loss of details of the boundaries. So, for 

example, such an algorithm rounds the corners of objects and breaks the boundaries at 

the connection points. 

Before applying the detector, the image is usually converted to grayscale in 

order to reduce computational costs. This stage is typical for many image processing 

methods. 

The main stages of the algorithm consists: 

~ Smoothing. Bluring image to remove noise. 

~ Search for gradients. Borders are marked where the i 

an have a different direction, so the Canny algorithm uses four 

rtical and diagonal edges in a blurred image. The angle 

or is rounded off and can take on values such as 0 

mage gradient acquires the 

maximum value. They ¢ 

filters to detect horizontal, ve 

of the direction of the gradient vect 

45,90, 135. 

— Suppression of non-maximum. Only local maximum are marked as boundaries. 

d filtering. Potential boundaries are defined by thresholds. 

— Double threshol 

a. The resulting boundaries are determined by 

~ Tracing the ambiguity are 

suppressing all edges that are not related t 

OpenCV puts all stages in single functio 

o certain (strong) boundaries. 

n called cv2.Canny. 

36



2.2 Finding contours 

After we need to find contours in edged image using function cv2.findContours 

and approximate number of points. We can assume that we have found text zone from 

image if approximated contour contains 4 points. Result of finding contours is shown 

in Figure 2. 

Figure 2. Result of finding contours 

Contours are curve which joins all the continuous points with same color or 

intensity along the boundary. They are useful for object detection and recognition and 

Shape analysis. We should use binary images to get better accurate. Object to be found 

should be white and background should be black. So before finding contours step we 

Should apply Canny edge detection or threshold. In OpenCV, to find contours we can 

use function cv2.findContours. After finding contours we should to approximate 

contour to get page from image if page exists. 

2.3 Perspective transform 
| 

iew, we need to take four coordinates which 
In order to obtain a top-down v 

represents outline of the document and apply a perspective transform. To apply 

first we should to determine the width of new image. Here 
Perspective transform, } : 

. left and bottom-right x-coordinates or 
Width is the largest distance between the bottom- 

the top-left and top-right x-coordinates. 
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After we should determine height of new image. Here height is the maximum 

distance between the bottom-right and top-right y-coordinates or the bottom-left and 

top-left y-coordinates. Now we can perform the transformation using OpenCV 

functions. To obtain binarized image, meaning black and white image, we should get 

warped image and convert it to grayscale. Then we should apply adaptive thresholding 

filter to obtain black and white image. Result is shown Figure 3. Now we can send this 

image to pytesseract and get text or we can simplify work of pytesseract by cropping 

only text regions from deskewed image. 

sadeymar Cewivel Uatrerny | 2 prvate nigher ecpcaenal nen ton ioe2tad 

Rasheten, near Alvuny. SDU wis ertaa are or Decemse” *7iN 1996. Universzry 

cartes ta name from former sreuceri of Turbey. Suerman Semel. The 

Preneent ol Kazkestan Mursattan Nazertarey end ihe loner precuest of 

Turkey, suizyian Deer.re: part: aated open 7g cersmery neyrt tear Nase tayey 

rupgested nating urrveraty by Sueyena® Deorsret 

PORE 358 DOA 39 Oe NOR 
PFW re FOR EON FEY 

Figure 3. Result of perspective transformation and adaptive thresholding 

In OpenCV there are two functions for transformation: cv2.warpAffine and 

cv2.warpPerspective. Using these functions we can make all kind of transformation. 

For perspective transformation, we need a 3x3 transformation matrix. Straight 

lines will remain straight even after the transformation. To find this transformation 

oints on the input image and corres 

3 of them should not be collinear. Then transformation 

tPerspectiveTransform. Then we should 

matrix, we need 4 Pp 
ponding points on the output 

image. Among these 4 points, 

und by the function cv2.gé 

rspective with this 3x3 transformation m 
matrix can be fo 

atrix. 

apply cv2.warpPe 

In affine transformation, 
all 

tput image. To find the trans 

parallel lines in the original image will still be 

formation matrix, we need three points 

parallel in the ou 
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cv2.warpAffine. 

binary im i V v2 

ry ages from grayscale images. OpenCV uses function cv2.threshold oe to 

threshold 1 image. First argument of function is the source image. Source image should shou 

be gra i grayscale image. Second argument of function is threshold value which is used t ed to 

classify the pi 
€ 

1 
1 

pixel values. Third argument is the maximum value which represent ents 

value to be gi fn? . 
e given if pixel value 1s more than (sometimes less than) the threshold val alue. 

If pix : 
pixel value is greater than a threshold value, it is assigned one value, else i , else it is 

assi signed another value. OpenCV provides different styles like cv. THRESH. BINARY 

cy. T, 
r 

HRESH BINARY_INJ, cv. THRESH TOZERO of thresholding and it is decided 

b y the fourth parameter of the function. 

Thresholding using threshold value is not good solution in all conditions wh ere 

image has different lighting conditions in different ar 

g. In adaptive thresholding algorithm calculate the threshold 

fi 
, 

or each small parts of 1mage- So as result we get 

different parts of the same image. 

eas. In such situation, we should 

use adaptive thresholdin 
different threshold values for 

2.4 Cropping 

p set of all possible crops can be very large. Instead of a 

When we want to cro 

unks of text. To do this, we can apply binary 

lot of cropping operations we 48 find ch 
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This process concatenates text regions one into another. We do this step 

repeatly until there are only a few connected components. By including some of these 

components and rejecting others, we can form candidate crops. To solve this we can 

use F1 score [26]. After finding accepted set of components, we can crop image as 

shown in Figure 4. 

2.5 OCR (Optical Character Recognition) 

Now we can use Tesseract to convert text information from image to text. 

Pytesseract is a wrapper for ‘Google's Tesseract OCR Engine. It is also useful as a 

stand-alone invocation script to tesseract, as it can read all image types supported by 

the Python Imaging Library, including jpeg, png, gif, bmp, tiff, and others, whereas 

t only supports tiff and bmp [27]. 
tesseract-ocr by defaul 

d use function image_to_string with input parameters 
To get text we shoul 

image and language. 

2.6 Conclusion for second section 

of thesis is about OpenCV libra 

o use OpenCV library for image processing, image processing This section 
ry, Tesseract OCR. It provides 

information about how t 

Steps, how to find text zones on image, examples and provides information about 

Tesseract OCR for text recognition. 

40



3 SEARCH DUPLICATES 

Applicati ; 
pplication consists several steps to search duplicates. To calculate similarity 

betw ‘cati een texts application uses shingles method with hash, shingles method with 

minha 
a * . . . . 

sh, tf-idf with cosine similarity and bag of words with cosine similarity. Then 

similari larity percentage between two texts calculated as average of them 

3.1 Shingle method 

Shingle method for duplicate detection contains several steps like canonization 

of . . . . 1 

; text, splitting into shingles, computing hashes for shingles and searching for 

identical shingles. 

Canonization of text is process of removing useless signs, words, prepositions 

points, symbols from text. We only interested in a set of meaningful words. 

Splitting into shingles is process of diving text into set of subsequences 

A 

. 

mount of set can be calculated by number of words minus size of shingle plus one 

have 500 words after canonizati 

then set of shingles length will be 500-3 + 1, 498. 
For example, if we 

on step and our shingle size is 3 

r shingles is process of computing checksum for each 

Computing hashes fo 

rent types of hashing algorithms. Because of hash 

Shingle. Here we can use diffe 
In shingle method hashing is 

collision, we need to select hashing algorithm accurately. 

mparison. used to minimize size of data and co 
es is process of comparing hashes. In this 

Searching for identical subsequence 

Step we can use metrics like Jaccard coefficient and etc. 

3.1.1 Text canonization 

very sensitive to chan 

ll be different: checksu 

d!” is 461707669. 

aracter at the end of 

ges. For example, the checksums for the 

Checksums are 
m for “Hello world” is -1948869038, for 

following two texts wi 
The difference between the first and 

the sentence “Hello worl 
the text, but as we can See, the 

second text is only in the cb 

different. 
rested in any exclamation 

checksums are completely 

When we searching for duplic 

mmas and etc. We 

ates, we are not inte 

are only interested in words (not conjuctions, 

Marks, points, co Al



prepositions , etc.) Therefore, we need to clear the text from useless signs and words 

that do not m ake sense when comparing, this process is called “canonization of text” 

Fi rst of all we need to create a set of symbols and words that need to be 

exclu ded from both texts. Then we need to clear texts from unnecessary symbols and n 

w ords. Example for stop-words: like i, me, my, myself and etc. Example fe or 

stopsymbols: .,!7:;-(). We can also add stemming of words. 

Text 1 | | Text 2 

Canonization process 

prepare texts for comparison 

remove stop words 

remove stop symbols 

morphological operations 

cleaned 
cleaned 

text 1 
text 2 

Text canonization step 
Figure 5. 

plication to the stop symbols | have included punctuation marks, newlines 

p words I included co 
On ap 

and tabs. To the sto 

which, when compared, sh 

njuctions, prepositions and other words 
> 

ould not influence the result. 

Converting texts to a single canonical form is not limited. For example, we can 

Use morphological analyzers of the languages and etc. 

3.1.2 Splitting into shingles. 

we need to break te 

arried out in different w After canonization step 
xts into subsequences — shingles. 

The division into shingles ca? be c 

, or a sentence or se 

ecting word, characte 

e for shingle then 

small, then the accurac 

Because of shingle method is used to 

ays. A shingle can contain 

veral sentences. 

r size for shingle can vary greatly in 

it can lead us to incorrect 
one letter or one word 

In shingle method sel 

f we choose big siz 

the shingles size too 

rocessing powers. 

effectiveness. I y of comparison can 

comparison results. If 

be high, but it needs more p 
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reduc 
; 

e the complexity of comparing two texts, data, documents, we need to select 

shingles size more accurately. 

Text 2. 

word] word2 word3 
word4 wordS words 

Text i 
word] word2 veord3 
word4 words words 

word? wordB wordd 
word? word8 word9 

Splitting text into shingies: 

sh word! word? word3 words words 

sh2. word2 word3 words words word6 

sh3. word3 words words word6 word? 

shd words words words word? words 

sh5 wordS word6 word? word8 word? 

sh6 word6 word? wordS word9 wordl0 

sh7. word? word word9 word10 word1} 

sh8; word8 wordd wordL0 wordil wordl2 

Sp90 word90 word91 ward92 word93 words 

Lt 

set af shingles for set af shingles for 

text 1 
text 2 

re 6. Splitting into shingles step 
Figu 

Amount of shingles can be calculated by number of words minus size of shingle 

0 words after canonization and size of shingle is 10, then set 

plus one. If we have 250 

of shingles length will be 2500 - 10 +1 = 2491. 

3.1.3 Calculating hashes. 

g as shingles, but we 

m. Because of this we need to use hashing We can use substrin 
need more space to store them and 

es to compare the 

More computer resoure 
strings instead of us 

h value of set of 

set of shingles 
set of shingles 

—_—— 

Computing checksum 

function to get has 
ing set of strings directly as 

Shingles. 

shl 

sh penssd0bedae7de3O1e0360°120 
sh2. 
3h a29c72d9e47ocvEBcCAI2I0740 

sh3. 

ano <p Teapsce2te2B9081012070415 

g7es0Bbmntv
eso414694i5

de hs: 
7688276 

set of checksum
s 

set of checks
 

for text 1 
for te 

7. Calculation 
of hash values step 

Figure 
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For instance, if our shingle size is equals to five words and each word contains 6 

characters, then shingle size in bytes will be 6 * 5 +4 = 34 bytes. Here 6 * 5 is number 

of characters, and each character equals to one byte. 4 is spaces between words. If we 

will use hashing function which gets string as input and returns number bigger than 

integer, for example long, then hash value size in bytes will be 64 bits, which means 8 

byte. Thus, each shingle will be represented by 8 bytes instead of 30 bytes 

(approximately). But when we use hash functions hash collision may occur. Because 

of hash collision, we need to select hashing algorithm accurately. On application to 

find hashes I have used MurMurHash version 3. 

3.1.4 Comparison, determination of the result 

Last step is comparing hashes. Comparing can be different. On my application I 

have used Jaccard coefficient, which 

coefficient is defined as the size of the inter: 

number of shingles present in either [28]. 

gives a similarity score between two sets. The 

section, the number of shingles present in 

both, divided by the size of the union, 

for text 1 
for text 2 

TT Checksum comparison 

¥ 
The result is 

whether the 

texts are almost 

identical 

set of checksums 
set of checksums | 

Figure 8. Checksum comparison 

If we had this similarity score for a pair of documents we could define a 

hat any pairs of documents that are over a given score are near- 

threshhold, and say t 

duplicates [29]. 

Example 

Let's suppose that we h 

and Zhalgas arrived at the bus station b 

ave two texts to compare. First one is ‘Because Almas 

efore noon, I did not see them at the station.’ 
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at ] the bus station before noon.”’. First step is shown on Figure 9 

| did not see them at the 

station because Almas and 

Zhalgas arrived at the bus 

station before noon. 

Because Almas and 

Zhalgas arrived at the bus 

station before noon, | did 

not see them at the station. 

“ 

Canonize text 

_ 4 

almas zhalgas arrived bus see station almas zhalgas 

station noon see station 
arrived bus station noon 

Figure 9. Text canonization step 

After clearing text from stop words and stop symbols our text] becomes ‘almas 

n see station’ and text 2 becomes ‘see station almas 

zhalgas arrived bus station noo 

Zhalgas arrived bus station noon’. 

s breaking cleaned te 

(‘count of words in clean 

s shown in Figure 10. 

xts to shingles. In my example J have divided 

Second step 1 

text by 3 words. So, we will have 

ach text. Second step i 

ed text’ - ‘shingle length’ + 

1 = 8 —3 + 1) 6 shingles ine 

see station almas zhalgas 

arrived bus station noon 

as zhalgas arrived buS 
alm 

on see station 
station no 

breaking text into shingles 

shi. see stavon amas 

sh2: station almas zhalgas 

sh3: almas zhalgas arrived 

sh4: zhaigas arrived bus 

sh5: arrived BUS station 

sh6: bus stauon noon 

shi: almas zhalgas arrived 

gh2° zhalgas arrived bus 

sh3: arrived bus station 

gh4: bus station noon 

gh5: station noon see 

sh6: noon see station 

into shingles step 

Figure 10. Splitting 
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After breaking we need to compute checksums for each shingles. My example 

is simple implementation of shingles algorithm. Because of this I have used CRC32 

checksum. This is shown on Figure 11. 

shi see station almas 

sh2: station almas zhalgas 

sh3, almas zhalgas arrived 

sh4: zhalgas arrived bus 

sh5; artived bus stauan 

sh6 noon see station 
sh6: bus station ncon 

a 

compute hash for each shingle 

SO Sa 

shi: almas zhalgas arrived 

sh2 zhalgas arrived bus 

sh3. armed bus station 

sh4: bus station noon 

sh5 station noon see 

3467432522 
1256714883 

730514377 
3236458610 

773762731 
3467432522 

1573659831 
730514377 

1917485087 
773762731 
1573659831 

4752889978 

_ 

Figure 11. Ca 

Last step is comparing our checksum sets 

similarity using Jaccard coefficient. 

checksum(intersection 
of check sum of textl and checksu 

Iculation of hash values step 

and computing percentage of 

Last step is shown Figure | 

m of text2) count will be 4. 

3467432522 
1256714883 

730514377 
3236458610 

773762731 
3467432522 

1573659831 
730514377 

1917485087 
773762731 

1573659831 

1752889978 

2. In our case similar 

compare nvo sets 

gmilar_hashes_bet
ween_two_sets =4 

length of setl = 6 

tength of set2 = 6 

4°2 | (6+6) * 100 

ercentage of 

similarity = 

66.67% 

Figure 12. Checksum comparison and calculation similarity 

Because we have 2 sets. After we need to divide 

m sets. TO find percentage we need to 
We need to 

oefficient by union of checksu 

intersection C 
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multiply division result b 
y 100. So, percentage 

of similari : 

66.67%. 

£ imilarity will be 8/12*100 = 

3.2 Minhash 

The MinHash algorithm is actually pretty easy to describe if you start with the 

imple 
. ae 

plementation rather than the intuitive explanation. This algorithm can be used t O 

add : performance to shingles method. It also has canonization of text and splitting text 

into shi 
; 

o shingles step. But, on third step we should create some number hash functions 

whi hich we will use to get hash value of shingles and select minimum hash value 

be 
; 

tween them. Then we will use these minimum hash values to compare with other 

texts’ minimum hash values. 

The key ingredient to the algorithm is that it we will have hash function with no 

collision. To avoid hash collision this hash function will take as input some integer 

and will map it to different integer. Put another way, if you took the numbers 0 — 

(2432 — 1) and applied this hash fun 

in random order. Here i 

ction to all of them, we would get back a list of the 

Same numbers 
5 the definition of the hash function, which 

takes an input integer "x": H (x) = (qx + w) 

chosen integers which are less than maximum value of x. e is prime number which is 

For differe 

% e, Coefficients q and w are randomly 

bigger than maximum value of x. nt choices of q and w, this hash function 

fferent random mapping of 

generate as many of these random hash functions 

the values. So we have the ability to 

will produce a di 
as we want by just picking different 

values of q and w. 

So here’s how we compute the MinHash signature for some document. Let's say 

sh functions. Now we should to take first hash function and 

we have generated 20 ha 

shingles of document. The 

apply this hash function to all 

hash value between them. After we will use selected min 

component of MinHash signature. After selecting first 

hash function, again cO 

should take second 

alue, and use it as the sec 

n we should select minimum 

imum hash value as the first 

component of MinHash 

mpute hash values for 

Signuature we ond component of 

Shingles and select minimum 
hash v 

Minhash signature. And so on. 
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an 

generate their si ir signatures as well. Then we can compare the documents by counting th e 

- num ber of signature components in which they match. 

3.3 TF-IDF with cosine similarity 

To use tf-idf to check for duplicates we should first create tf-idf matrix. Let’s 

say we h 
iS 1 

ave two texts. Textl 1s equals to ‘this is a first function’ and text2 is equals to 

this is a second function’. 

d calculate term frequency (TF) for texts. Term frequency 

1 number of words in a First of all we shoul 

occurrences of a word to the tota 

is the ratio of the number of 

ce of the word within document. Term frequency 1s 

d ; ocument. It shows importan 
vas encountered in the text / 

c alculated by formula 7F' (a) = number of times word ay 

number of words in the text. TF for text] will be ( “this”: 1/5, “is”: 1/5, “a”: 1/9 

(“this ”: 1/5, “is”: 1/5, “a”: 

first”: 1/5, “function”: 1/5) and TF 

1/5. “second”: 1/5, “function”: 1/9)- 

alculate Inverse Document Frequency (IDF). Inverse 

with which some word occurs in the 

for text2 will be 

Second step is to ¢ 

frequency inversion, 

reduces the weight of ¢ 

ments, there is only one IDF value 

D ocument Frequency is the 
ommonly used words. For each 

Collection documents. IDF 

unique word within a specific collection of docu 

Words with a high frequency 

Use in other documents will t 

within a specific document and with a low frequency of 

ake high Tf-idf weight. IDF is calculated by formula 

umber of texts / number of text in which exists word a). 

this”: p+logl0(2/2) =7 1, “is”: 1+log10(2/2) => I, 

” j+log10(2/2) => |, “first”: 1 +log10(2/1) => 

arithm we can use any kind of 

IDF (a) = 1+ logarithm(total n 

So IDF for corpus will be ( 

“q’’: 1+log10(2/2) =>,“ 
unction 

13. “second”: [+loglO(2/l) =? 1,3). AS log 

qa relative measure. The weight of terms are not 

logarithm, Because TF-IDF 's 

lative to each other. 

TF-IDF. TF-IDF is 

Result of TF 
€xpressed in any units, but exist re calculated by formula 

Third step is [0 calculate -IDF for text! will be 

TFIDF(element) = TF (element) * [DF (element) 
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~ (this: 0.2, “is”: “a”: “ tte : is”: 0.2, “a”: 0.2, “first”: 0.26, “function ”- 0.2) and TF-IDF for text2 

e (“this”: 0.2, “is”: 0.2, “a”: 0.2, “second”: 0.26, ‘function ”: 0.2) 

n TF-IDF values using cosine 

be 0.2276. So result will 

ue by 100. 

| Last step is calculating similarity betwee 

similarity. Here dot product will be 0.16 and magnitude will 

702987. To get similarity percentage we should compute this val 

3.4 Bag-of-words model with cosine similarity 

To use Bag-of-words model we should create model for texts. Bag-of-words 

mo i del simply represents the text as a set of words without regard to their mutual 

a 

. 

trangement and mutual relations. 

Let's suppose that we have two texts to compare. Textl is equals to ‘Because 

s arrived at the bus station 

als to ‘I did not see them 
Al mas and Zhalga 

before noon, I did not see them at the 

Station’ 

i 

ion’ and text2 equ 
at the station because Almas and 

Zhalgas arrived at the bus st 

First step is to canonize text 

ation before noon’. 

5. Let’s just remove punctua 

our text] becomes ‘because almas and zhalgas 

tions and lowercase all 

Ww 
. 

. . 

ords in texts. After canonization step 

tation before noon i did not see them at the station’ and text2 

arrived at the bus $ 
e almas and zhalgas arrived at the bus 

becomes ‘i did not see them at the station becaus 

Station before noon’. 

Second step is to create Bag-of-words model for texts. Bag-of-words model for 

2, ‘the’: 2, iat: 2, ‘and’: 1, ‘them’: 1, 'beca 

did’: 1, tsee': 1, tarrived': 1, talmas': 1, ‘not’: 1, ‘before’: 1). 

“he: 2, ‘and’: 1, ‘them’: J, hecause": 1, ‘i’: 

1, ‘arrived’: 1, ‘not’: I, ‘before’: 1, 

text] will be (‘station wer Tee 

noon': 1, ‘zhalgas’: 1, 

Model for text2 will be (544 

1, ‘zhalgas’: 1, 

tion’: 2, tat’: 2, 

1, ‘bus': 1, ‘noon’: 
did’: 1, seer: 

‘alm as': 1). f-words models using cosine 

between Bag-0 

e need to calcula 

e dot product by magnitude. To get 

culate similarity 

ine similarity W 

we need to divid 

Lasr step is to cal te dot product and 

Similarity. To calculate COS 

magnitude of two vectors, after 

d to calculate resul t of division 
by 100. 

Percentage we nee 
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result of similari arity using Bag-of-words model using cosine similarity for text] and 

text2 is equals to 100%. 

3.5 Calculating final similarity 

After calculating similarities using Shin 

of-words model with cosine similarity we will have four 

gle method, MinHash, TF-IDF with 

cosine similarity and Bag- 

Similariti ituatl 
ities. But we can have such a situation that the results of these methods and 

alo i : 
. 

gorithms will be very different from each other. For example, let’s say we have 

tex 
Lops 

tl and text2 to compare, and result of similarity using Shingle method is 50% 

r ee . . . 

” 

esult of similarity using MinHash is 5%, result of similarity using TF-IDF with 

cosine similarity is 45%, and result of similarity using Bag-of-words model with 

How we should calculate final similarity result? We can just 
Cc . . . . . 

Osine similarity is 70%. 
od solution. Because we do not know 

c 
mere a 

alculate average of similarities. But it is not go 

e reliable, and which of 

rval estimate called confiden 

f values so defined that there is a specified 

es within it. To calculate confidence 

them are not. In such kind of 
Ww . . . ° 

hich similarity results ar 
ce interval. 

Situati 
wus 

uation, we can uSe statistics inte 

Confidence interval is 4 range O 

Probability that the value of a parameter li 
ae 

nterval we should calculate mean and standard error of array of similarities. Mean is 

which means division sum 0 

rities and numerator is SU 

f similarities by number of 

Calculated by formula (2), m of similarities. 

Imilarities, where N 1s number of simila 

n 4 Xi 
w= dian (2) 

should calculate standard error. But to calculate 

we 

variance by formula After calculating mea”: (3) where / is mean, N is 

uld calculate first 
St 
andard error we sho 

is i* similarity. 
n gags 
umber of similarities and Xi 

2 

n -_ 2 

; _ Ti (3) 

50



Then we sh ould calculate standard deviation by just taking square root of 

formula (3 ), or by fe y formula (4) where is mean, N is number of simi! iti arities and x; 1s 

_ n(x — 4»)? 
a E Fi (4) 

e standard error using formula (5), where 

*th 
1 similarity. 

N ow we can calculat 

o is standard 

deviati latlo 1 n and Nis number of similarities. 

oO 

sE=— (5) 
VN 

dard error and mean, we 

z-value (for 95% interval - 1.960 cula 

e 

a of similarities 
using formula (6). where Z iS 

7.576, for 90% interval - 1.645), SE is standard error and y i Lis 

for 99% interval - 

mean, 

cl=[u- 7*«SE,ut Z*SE] (6) 

rval for situation when we have text] and text2 

culate confidence inte 
50%, result of similarity Let’s cal 

toe 0 
ae 

mpare, and result of similarity us 

result of similari 

of-words mo 
ne similarity is 70% 

For our example mean will be 42.5 (170 / 4) 

als to 556.25. Third step is 

ing Shingle method is 

ty using TF-IDF with cosine similarity is 45% 
0, 

Using MinHash is 5%, 
del with cosi 

an d result of similarity using Bag- 

o calculate mean. 
First step is t 

ariance will be equ 

culate variance. V 
quare root of variance. So 

Second step is to cal 

rd deviation. 

ll be approximatel 

ate 

dard error wil 

to calculate standa 
ard deviation is S 

y equals to 23.59. Fourth step is to calculate 

d deviation divided by square 
Sta 

. 
ndard deviation wi d by standar 

d error is calcul ] be approximate
ly equals to 

Sta 
Ndard error. Standar 

grities. So stan ). If we choose z-value for 
ro ot of number of simil 

Is will be different. 
1] 79 (23.59 / 2). Fifth ste 

90° %, and then choose an0 

p is to 

ther z-value, 
e interva 

Las 
. 

St step is to calculate confidence 
interval. 
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Shingle me gle method (50%) and TF-IDF with cosine similarity (45%) are lies on that ty a 

int 
. . . 

erval. So final similarity result will be 47.5% (95 / 2). 

In that case, our z-value will be equals to 2.576 and 

and 72.88. Similarities 

5%) and Bag-of-words 

For confidence level 99%. 

C ; 
onfidence interval will be approximately between 12.12 

Shi 1ingle method (50%), TF-IDF with cosine similarity (4 

model wi ine similari ith cosine similarity (70%) are lies on that interval. So final similarity result u 

will be 55% (165 / 3). 

3.6 Conclusion for third section 

Third section of thesis is about methods and algorit 

similarities between texts. On this section given information 

d, Minhash, TF-IDF with cosine 

hms, which I have used in 

m . . 

y application to search 

gorithms Shingle metho 
about methods and al 

ilarity, and shown steps and simple 

Similar 
. . . 

milarity, Bag-of-words 
model with cosine sim: 

o use these methods and algorithms in practice. Also given 

e Xamples about how t 
final similarity result using similarity 

le about calculation 
of 

in : formation and examp 
sine sim 

results of Shingle method, TF-IDF with co larity, MinHash and Bag-of- 

Ww . eee 

ords model with cosine similarity 
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4 PRACTICAL PART 

4.1 Selected tools 

plication consists of two parts: backend and frontend. 

ates using REST API. All application data are stored 
Master’s thesis ap 

Backend and frontend communic 

i n database. If user needs data from database, for example, list of documents, it sends 

request to backend, then backend sends query to database, finally backend sends to 

frontend requested data as json format. 

4.1.1 Database 

As database of appl 

PostgreSQL is a powerful, ope 

In application database there are 16 t 

ication I have used PostgreSQL database. Because 

n-source, one of the popular databas 

ables. Two of them are used to store main 

e in the world. 

application data: dblist and stopwords. 

Dblist table used to store information abo 

application. All documents are stored in this table. It c 

ut document. This is main table of 

ontains 16 columns: 

e id number. integer; uniqu 
ation about who added document to ~ id— primary key. 

~ user — foreing key: integer; inform 

database. document on database. 

~ createdon — datetime; creation date and time of 

~ name — varchar; name of document. 

Janguage of docu ment, can be either russian, english or 

~ language — varchar, 

kazakh
. 

varchar; path to file of document.
 

shingle size. 

document. 

~ media_url - 

~ block_size — intege! 

— type — varchar; type of 

j 

ization 

— organizati
on — varchar, 

informatio
n about organ 

of author. 

— author fullname — varchar; 
name and surname 

| | 

. 

d surname of advisor. This field used 

~ advisor_fullname ~ vare 

When document type is thesis. 

— year — integer, creating OF releas



— month—v ; archar; creating or released month of document 

—h ashes_ txt — text; hash array of document text. 

— mi inhashes_txt — text; minhash array of document text. 

— content_txt — text, canonized text of document. 

Stopw pwords table used to store stop-words which are used on text canonizati zation 

step. It contains 2 columns: 

— word — varchar; lowercased text. 

— language — : 

. 

guage varchar; language of word, can be either russian, english or kazakh 

4.1.2 Backend 

As backend of applicati 

high-level Python Web framew 

rk. For authorization 

r to check for plagiarism users nee 

(401). 

on I have used Django. Django is free, open-source, a 

ork. To create REST API I have used flexible toolkit 

to REST API I have used JSON web 

called django-rest-framewo 
ds to authorize. Without 

t okens. To add documents 0 

au . . . . 

. 

thorization application sends them unauthorized error code 

| urls. Main of them are: 

Backend contains severa 
ssword and username is correct 

nerates jwt if user pa 

~ POST /auth/token/ - 8° 
jwt if old jwt is valid. 

~ POST /auth/refresh-tok
en/ - generates new 

~ POST /dblist/ - save sent document
 to database. 

~ GET /dblist/ - get all li 

- POST /dblist/search/ - 

To check plagiarism 

/dblist/search/ with fields file, 

percentage. It returns JSON res 

On backend there are two 

ToText. And, one 4 

st of documents
 from database. 

used to check for plagiarism. 

user only needs to send post request to endpoint 

language, type of document and minimum similarity 

hecking. 
ponse with result of ¢ 

which are used to check 

additional 
classes 

dditional class to calculate final 

Plagiarism: Plagiarism, Image 

elnterval. 

tract text informatio 

re 12 methods: 

results of similarities: Confidence 
n from image file. It uses 

Class ImageToText 
used to €x 

OpenCV library and Tesseract. There @ 
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init (url, language) 

C onstructor of class ImageToText. It takes two parameters as input: url and language 

Default value for url is None, for language is “en”. 

get_text() 
This method is one of the main methods of clas 

of file. If everything is correct, it call 

text from text. 

s. It takes url and checks for empty 

an d checks for existence 
s other methods like 

read_and_select, crop, etc. and return 

crop(im 

Crop method takes image as input, search for text region and crops. After cropping 

It stores cropped image to temporary directory and returns path to cropped image. 

find number of text ixels_in_crop(img, cro 

Method which returns number of text pixels on given crop * and y parameters. 

components properties(components
, edges) 

Used to get component information 

find optimal components 
subset(com. onents. edges 

Used to find optimal components from component
 information. 

union crops(cropl crop2) 

Method which returns union of c 

ind components(edge
s: Max component 

Used to search for connected 
components 

oordinates crop| and crop2 

read and_select(path) 

Method which returns text region. It reads image from path, converts image to 

find edges and contours, then 

an blur to remove noises, 

grayscale image, adds medi 
tput of method. 

Selects text region and returns as ou 

four point transformiim 
ts 

Returns transformed image. 

order _points(pts) 
; ; 

p-right and pottom-right from list of coordinates. 

Used to find top-left, pottom-left, to 
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vesize(j 
esize(img, width, height) 

tho 
1 1 1 

f 

application i ; plication is written on this class. It has 15 methods: 

init (language) 

es one parameters as input — language. Default 

Con structor of class Plagiarism. It tak 

value for language is “en”. 

read(url) 
t. If given file format is not doc, docx, pdf. 

Reads gj s given file and returns canonized tex 

j . . 

Pg, png or jpeg, then it returns empty string. 

get_stopwords() 

Used to get all list of stop-words from database. Only admin can add stop-words t ) 

database. 

R eads content of files with format doc, docx and pd 

ve stopsymbols, 

ace words to stem 

f. Then converts content to lower 

remove stop-words, remove 

remo 

remo ve urls, remove symbols, s and returns result as 

Ww . 
ords which length is smaller than 2, repl 

Output. 

r . 

Ex tract text from image fi 

remove symbols, 

ToText. Then converts text content to 

remove stop-words, 

lo wer, remove urls, 

remove words which length is smaller 

result as output. 

ener 
] | 

nerate random seeds minhash_sizé seed, 

size. Generated random seed is used to 

R 

= 

etum generated 
random seeds with give? 

c 
Ompute minhash for shingles. 

es. MinHash 
array is 

T akes array of shingle 

u Sed to calculate similary between texts: 56



Cc ompute hash(shingles) 

Takes array of shingles as input and returns arra y of hashes. Hashes are computed 

using MurMu i rHash version 3 library. Hash array is used to calculate similarity 

between texts. 

get word count(text) 

Divi des text to dictionary of word-count P 

Ww 2 orld hello’, it returns us (‘hello’: 2, ‘world’: 1). 

air. For example, if we pass text ‘hello 

Shi Shingles(text, shingles_size) 

5 with given size. Default shingle size is 5 word 

Divi ide canonized text into shingle 

R etums array of shingles. 

tf . tfidf matrix(textl, text2) 

e Q 1 e 
i 

caleu 

| silavi
ty_for

_dicts
(dictl

 dict?) 

Calculate cosine_similarit
y_Jor dicts(dict1, dict2 

-count pair. Cosine 

Ca 
Iculates cosine similarity for input dictionaries of word 

ot product of dictionary | and dictionary 2 divided by square 

dictionary 1 adde 

y matrix. 

Similar; 
milarity calculates by d 

d by square root of sum of squares of 

TOO | t of sum of squares of 

dictionary 2. 

cal, culate hash_similarity 
ashes1, hashes2 

hashes using Jaccard index. Jaccard index is 

£ two array of 

intersection 
of h 

es 2 divided by union of 
Cc alculates similarity 0 

ashes | and hash 

Calculated by formulae — 

h 
ashes 1 and hashes 2. 

C 

Calculate_minhash 
<sjmilaritu(hashesl. 

hashes2) 

f minhashes 
by formulae count of similar objects 

Cc alculates similarity of two array oO 

minhash 2 divid 
b 
tween minhash J and 

T 
here are 6 methods: 
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init (sample) 

Const ructo r of class Confidencelnterval. It take s one parameters as input: array of 

S. 
i 

C alculate_ mean(Q) 

Calcul at imi es average of similarities. If length of array of similarities is equals to zero 9 

then i en it returns zero. 

ca lculate varianceQ 
e_mean() method to calculate average 

Cale ulate 
j 

tes and returns variance. Uses calculat 

If le f array of similarities 1 equals to zero, then it returns zero 

Calcul () 
ulate standard deviation 

alculating square root of variance 

Retu m 
ae 

s standard deviation for input array by ¢ 

d to calculate variance. 

Use S calculate_variance() metho 

Caley Caiculate_sta 
0 ndard_error standard deviation by sample length 

Cale ulates standard error for sample by dividing 

0) method 
to calc ulate standard deviation. 

Us es calculate_standard_deviation 

Rety 
ms the start and finish inte 

loc . 

ated with a probability of 99%. 

d calculate_™ 

e true value of the detected value is 

je_standard_error() 
method to 

ate mean for given sample 

rval, in which th 

Uses calcula 

Cale 

ulate standard error a0 
ean() t0 calcul 

JS. This is @ progressive JavaScript 

pa user interface. 

ment. VueJS works mostly with 

4.1.3 Frontend 

As frontend of application I 

rce code, desi 

have used Vue 

gned to develo 
It is one of the 

fra mM : 
ework with open sou 

large projects for front-end 

d into 

fast and flexible. 

e it is reactive, 

On frontend there are 
mponents will be 

— App.vue — it ig main CO 

ed to this main component. 
ER



Header vu — i i 3 

checks if user logged in to application. 

Fo — oter.vue — component which shows information like copyright and etc 

— PageDashboard.vue — it is main page of application. 

— Page404.vue — used to 404 not found error to users. 

— PageLogin.vue — login page of application. It contains login form to log in to 

a 1 . 
. . . 

pplication. After entering credentials it send post request to backend to get token. If 

u 
. . . 

. 
. 

ser credentials is valid, user will be redirected to main page of application 

— PageDatabase.vue — page which shows 

ost request to backend to get list of documents on 
list of document in database. When user 

enters to this page, it send p 

h success message, it parses it and renders list of 

database. If backend responses wit 

documents. 

— PageAddToDatabase.vu 

to database. After filling all require 

e — contains form which is used to add new document 

d fields, it sends post request to database. If 

everything is correct, then user get notification and will be redirected to PageDatabase 

_ this page is u 

it sends post request to backend to - PageSearchFromDatab
ase.vue 

sed to check for plagiarism. After 

filling required fields and clicking search 

find similar documents. After calculating 

ntend parses J SON, and g 

JS application uses vue 

button, 

for similarity, backend returns response to 

frontend. Then fro 
enerates result of checking. 

Frontend Vue 
-router for application routing. There are 

Six routes in application: 

_ /dashboard — route to main page of applic 

_ * _ route to 404 error page (Page404.vue). 

e of application 
(PageLo 

atabase 

new document to database 

ation (PageDashboard.vue)
. 

gin.vue). 

~ /—route login pag 

list of documents on d (PageDatabase. vue). 

/database — route to 

~ /database/add 
= — route 0 add 

(PageAddToD
atabase. vue) 

~ /database/se
arch _ route to page to check for plagiarism 

(PageSearchFrom
Database. Ue). 
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Only authorized users can see components PageDashboard.vue, 

PageDatabase.vue, PageAddToDatabase.vue, PageSearchFromDatabase.vue, 

Header.vue and Footer.vue. Components PageLogin.vue, Page404.vue are visible to 

all users. 

4.1.4 Other tools 

On application there are several other tools has been used like Bootstrap, 

Popper.js, Waves.js and etc. 

Bootstrap 

Bootstrap is a sleek, intuitive, and powerful front-end framework for faster and 

easier web development. It is a combination of HTML, CSS, and Javascript code 

designed to help build user interface components. Bootstrap was also programmed to 

support both HTML5 and CSS3. Bootstrap is a free collection of tools for creating a 

websites and web applications [30]. 

Reasons to choose Bootstrap: 

— easy to write html code 

— compartable grid system 

r most HTML elements such as buttons, forms, tables, images, 

— base styling fo 

icons, code, typography and etc. 

~ wide list of components 

— javascript plugins 

There are a lot advantage 5 of using Bootstrap. Bootstrap is compatible with all 

afaru, Firefox and etc. It supports responsive design. 

modern browsers like Chrome, S 
ce, that being a 

e the ability to be seen on any devi 

Website with bootstrap will hav 
worry over their 

mobile phone tablet, or desktop. Developers won't ever have to 

eing compatible on multiple platforms. 

o construct grid system and styl 

ication bootstap used t 

e code for all platforms like mobile, desktop and tablet. 

design not b 

: 

e. Using bootstap 

On appl 

it is easy to writ 
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Waves.js 

Waves.js is a standalone JS library for creati 

click effects on any html elements. The html elements can be ico 

nts. This library used on application to give styled 

ng Google Material Design styled 

ns, divs, images, 

buttons or any other inline eleme 

click effects. 

Font Awesonte 

e gives us scalable vector icons that can instantly be customized - 

Font Awesom 

size, color, drop shadow. and anything that can be done with the power of CSS. This 

library used to add some beautiful icons to application. 

Material Design Icons 
| icon set from Google. Some of them has 

Material design icons is the officia 

5 are readable at both large and small 

been used on application, because this 1con 

Sizes. 

Themify 

Themify is a free set of ico ns for use in web design. This library also used to 

add some beautiful icons tO application. 

4.2 UML diagrams sor objcet modeling in the field of 

UML is a graphic description languas® 7 ne
 

Software development 
business process modeling, system °v""e 

g 

evelo 

| 

ve 
ML stands for Unified Modeling Languast. 

. 
rap 

ate an abstract model 

rd that uses & 
a 

Organizati 
res. 

cee 
ope 

nic symbols to cre 

eated to identify, V1 

]. UML was cr 
| 

UML is not a programu
ning language, but 

ms. 

UML is an open stand 
sualize, design, 

and document, mainly, 

Code generation is possible b nent diagram, composite 

The UML uses diagrams 

Structure diagram, deploy 

yse case diagram and etc. 

61



Use Case Diagram 

Use case di e diagram in i UML is a diagram that reflects the relationship bet etween 

actors and use cases and is i an integral part of the use case model that allows to 

descri be the system at a conceptual level. 

Th c¢ main purpose of the diagram is a describe 

he end user and the developer to jointly discuss the 

the functionality and behavior 

th at allows the customer, t 

TO} Projected or existing system. 

W 
. 

ork on the diagram can begin with a te 

h as operation system, progra 

odel. 

xt description. In this case, non- 

Cc 1 

Omit ted when constructing a use case 17 

f application: administrato 

nd Figure 14. 

add new user 

So 
/ 

edit user 

/ . 
add stop-words 

Administrator 

trator. 

List of a cto rs 0 
r and teacher. Use case diagrams of 

actor s are shown on Figure 13 a 

Figure 13. Use Case diagram of Adminis
 

Use Cases of actors: 

Adinis: 
Aministrator: 

— can add new users to system 

~ can remove users from system 

— can edit users 
ystem 

— can add new stop-words tos 62



— can re move stop-words from system 

— can edit stop-words 

— can see li ee list of documents uploaded by users 

Teacher: 

— ca n add new document to database 

— can check for plagiarism 

loaded documents 

add new document to 

database 

” : 
check for plagiarism 

f 

Teacher see other documents
 

on database 

e diagram of Teacher. 

—c¢ an see other teachers up 

Figure 14. Use Cas 

Sequence diagram ction diagrams and is 

The sequence diagra 

inten ded for modeling the intera 

tween them. 

on the eleme 

q variety of intera 

em objects in tim 

principles of OOP is the way 

tem, expressed in sending 

m is one of 

ction of syst 
e, and also the 

One of the basic 

nts of the Sys 

the basic conce 

&xch 

; ange of messages be 

of : 
in ; 

formation exchange betwe pts of the sequence 

sage. 

e the designatio
ns of objects 

" _ reflecting the flow of time, 

of a certain function 

and receiv; 
eceiving messag 

diagram are related to the © e diagram ar 

cal " lifeline - 

or the ee 

ing the exchang 

The basic elements of t 

es of objects); (rec tangles with the nam 
e of signals or 

rec 

tangles reflecting the activi 

re 
Ctangles on the dotted line of li 

Mes 
sages between objects: 
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16, 17 and 18. 

Front | 

a 

ntend 
‘Backend 

‘Database 

POST /authftioken checkCredentials 

__— 

nce diagram for authorization 

Figure 15. Seque 

On fj irst di 
oo. 

t diagram shown authorization scenario: 

s and clicks login button 
a ) user enters credential 

ST request to backend 
b) fF 

) frontend framework sends PO 

est to database fo 

s and returns us 

and returns jwtt
 

of applicati
on 

r existence 
of user 

er informat
ion to bac 

6) frontend 

c ) backend sends requ kend 

d) database checks credential 

s user data to jwt 

rto main page 

Cc) backend wrap 

f) 
frontend redirects uS¢ 

T sablist 
GETS 

geiDBListQu
ery 

0 
Figure 16. Sequence 

4 gr r 

* Second 
diagram 

shown database 
page ) gontend 

| a 

4) frontend sends GET 
request to packend with jwt thorization 

headet 

is val d packend
 sends query to db 

b) k 

_ 

nal... 4 canbe authorization
 header, if J 
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C 
) database returns list of documents 

d 
. 

) backend wraps list of documents to json and send to frontend 

Third diagram shows s¢ 

a) 

b) 

‘Frontend | | “Backend 
‘Database 

r POST /dblist 

Figure 17. Sequence diagram for creating new document 

nt creation: 
enario of new docume 

OST request to backend with jwt 

after filling all required fields, frontend sends P 

authorization header 

backend checks POST data and J 
ends insert query to 

wt, if data is valid it s 

database 

database returns query resul 

backend sends JSON response wi 

ser about result 

t to backend 

th 201 code to fro 

of insert query 

ntend 

frontend will notify u 

' 

. 

r] post ablist’seare 
vere 

datB 

JSON response 
_.-- 

eo 

< w
ee
n 

: 
J 

gram for checki
ng for plagi

arism



a) user fill s required fields and frontend sends POST request to backend nd with jwt 

authorization header 

b) ba ckend checks POST data and jwt, if data is valid bac 

me type and etc. 

kend send query with 

filters like where document type equals so 

c) da 
; 

i tabasc returns list of documents to backend 

backen 
‘ari 

d checks for plagiarism, and returns near-duplicate document to frontend n 

e ) frontend renders result to user 

Class diagram 

m is a diagram that de 

ships between the 
Ac lass diagra 

monstrates the classes of the system, their 

attrib utes, methods, and the relation 
m. It is central element to th e 

desi ign of the object- -oriented system. 

There are two types of class di 

gram shows the lo 

~ The analytical form of the diagram shows he g¢ 

ing the system. 
he classes enterin 

agram: 

gical relationships between classes 

~ The static form of the dia 
neral view and the 

in terrelationships of t 

user 
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Figure 
19, Class diagram 
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cato



A class diagram is a key element in object-oriented modeling. In the diagram 

clas ini ses are represented in a framework containing three components: 

— Name of the class 

— Attributes of class 

— Class methods 

Class diagram of main classes of application are shown 

diagram shows classes User, DBList and Stopwords main fields and methods. It also 

on Figure 19. This 

shows connection between DBList class and User class. 

4.3 General scheme of work 

JSON Web Token (jwt) from backend. 

404 error page. Other pages of 

s authorization. Login page 

To use application user needs to obtain 

Without jwt user can see only login page and 

application requires jwt. Here obtaining jwt mean 

screenshot is shown of Figure 20. 

A Thesis 

page of application 

Figure 20. Login 

s login button. After clicking 

t to backend of applicalon 
Backend sends 

On login pag 

login button frontend sen 

query to database for existen 

Valid, then backend sends error to 

POST reques 
ds _ Jf credentials are not 

d frontend notifies user about incorrect 

turns user object to b 

s after 7 days. When jwt expiring 

frontend, an ackend, and 

t, datas re 

Credentials. If credentials are correc 

backend gen erates jwt for uset. By defa



Operations. 

After obtaining Jwt, user redirects to main 
| 

page of application. Main page ¢ application is shown Figure 21. All routes are controlled by frontend framework. 

® THESIS 

Page Title 

Figure 21. Main page of application 

Using menu at top of window user can add new document, check for 

Plagiarj sm and can see list of document on system. On database page, user can see al] 

list of documents with detailed information. Database page is shown on Figure 22. 
S 

B THESIS 

Database 

C ip t 
CRM (customer relationship nhl (CRM) system for public cateriag 

Bus Ticket Orderring System system for public entering Accent 
Boer fle eee 

2, Database page of application 

d click from menu ‘Add new 

Figure 2 

shoul 
atabase useT 

To add new document to d fon, frontend renders AddNewDocument 

lo licking bu Cument’ button. After ¢ +3



Component to uSer, 

After filling required fields user should click ‘Save’ button, 
After clicking ‘Saye’ button frontend sends POST request to backend with ty 

Backend checks jwt and if jwt is invalid, user redirects to logi 
backend checks POST data. If data iS Correct, it runs algorithn 

Uthorization header. 
Page. If jwt js valid, 
Which extracts text info from file, canonize it, divide canonized text into shingles, intc Words, Computes hashes for shingles, minhashes from shingles and 

save all data database. 

Lonicie bie 

Figure 23. Add new document page of application 

By Precomputing hashes we can save time when user checks document for 

Plagiarism After saving to database it return JSON response to frontend, and frontend 

n on Figure 23. “ill show notification to user. Add new document page is show gur 

3 
® THESIS 

Search for duptieace 

ication 

34, Search database page of applic 
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To check for plagiarism user sh ould click ‘ ; 
When user c Search database’ from top mem licks thi aser 1 S this button user will be redirected to search database pa 

eds to fill al] required fields and click aun ‘Search’ butt 

shown on F igure 24, on. Search database page i 

After Cc { , ‘ , ‘we licking ‘Search’ button, frontend send POST request to backend wi h 
authorizati ; wit 

: "zation header. Backend checks jwt header. If jwt is valid. it first 
Sorithm whi ~ Which extracts text info from file, canonize it, divide canonized text int into 

sh I 0D gl ra . S, 5 
into words, computes hashes for shingles, minhashes for shingles 

Customer relationship management (CRM) system for public 
catering 

ted 

cosine similarity percentage: 98.3469 
hashes similarity percentage: 95.402% 
minhashes_similarity_percentage: 38% 

cosine similarity percentage of words: 99.393% 

Figure 25. Similarity information 

After this algorithm, backend sends query to database with filters like 

language, type of document and etc. Database returns list of documents to backend, 

Backeng computes similarities between database documents and uploaded document. 

Then it calculates confidence interval for similarities. If calculated similarities are in 

“Onfidence interval. then these similarities are used to calculate final average 

“milar ity value. If final similarity value is higher than value, which user sends with 

+ After completing checking similarity step, 
P 

, 
OST data, backend adds to some new lis _ 

ntend with list of similarities and confident 

Packend sends list of data as JSON to fro 

y clicking ‘show more...’ button user 
| 
nterval. Then frontend renders result to user B 

, 
n on Figure 25. 

80 see all si milarity values and confident interval as show gu 
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4.4 i 
i Experiments, comparisons and results 

O n development state of backend application I have tried different methods and 

algori 
; ; rr 

gorithms for finding string similarities. Some of them I have implemented b y 

myself b i 1 if 1 
y reading scientific papers, websites, and to some of them I have used c 

alread : . . . . 

y implemented libraries in python. One of methods works faster and accurate 

hers works more accurate and faste 

om small text to big text. 
when texts are smaller aller, ot 

r when texts are bigger. I 

h ae 
ave tried to calculate similarities starting fr 

lexp2 lexp3 lexp4 
lexpt 

jtextl 291 

ltext2 505 [pa “je44.ti‘(<i‘éi é&S 

Figure 26. Experiments 

n Figure 26. Here values like 291, 1321 is word count 

Experiments are shown 0 
t in text2. Exp], exp2, exp3 and exp4 is 

In textl, and 505, 1544 is word coun 

ex : 
periment order. 

Shingles | Shingles Tat 
piftib Jellyfish | » aaliyah | Fuzz | Fuzz 

i Hash Shitash | Cosine similarity pag ofwords | sequenceseten et 
gan stance ei Ter| Ratio | Token_sort ratio Foner ae va] 

Spare 0.s07e61 © 0.064857 
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0.001124 

0.067812 
0 

OOGSIST = 

0 010552 
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0.084871 
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n time for experiments
 

Figure 27. Executio 

fferent methods/algo
rithms and measure 

using python language. Result of 

cution time measured on 

t, J run 10 di 

thms are written 

Figure 27. Exe 

For each experimen 

€Xecution time. All methods/algori 

are shown on 
ti . 
me executions of methods 

Seconds. Execution time which works slower highlighted with red color. 

mere fuzz token_set_ratlo 
np fuzz_foken_son_f
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Ch r ion ti art for execution time of methods is shown on Figure 28. On chart X value 

is experimen 
ae ; 

periment and Y is execution time. To see differences I replace execution times 

whic 
. 

h are bigger than 3 with 3. Chart shows us execution time of ten methods and 

ated in seconds. algorithms. Execution time is calcul 

jarism on application I chose Shingle 
After this experiments to check for plag 

method, MinHash, TF-IDF with cosine similarity and Bag 

similarity between texts: 

-of-words model with 

cosine similarity. To calculate final 

ate similarity for each selected method; 

terval for calculated similarities; 
— calcul 

— calculate confidence in 

~ removed similarity, if similarity n 

ilarity of remaining simi 

ot in confidence interval; 

~ calculate average sim 
arities. 

4.5 Conclusion for fourth section 

of thesis is about application: UML diagrams of application, 

Fourth section 

scheme of work of applicatio 
backend methods 

and endpoints of backend, fronte 

eriments, comparis 

9 write application, 

n, selected tools t 

nd framework and different libraries used in 

fi rontend, and about exp 
ons and results. 
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CONCLUSION 

This application is created for teachers. Application gives to teachers ability to 

check students works for plagiarism with the goal of improving education level at 

campus. I think application will be really interesting and useful. 

Although, applications should be further developed. For example, we can use 

shingles to increase performance of checking for plagiarism. 
super-shingles, mega- 

e, HBase, Hadoop to increase 

Also we can use technologies like MapReduc 

performance of searching for duplicates. 

usion, while doing this applicatio 

REST API, image recognition using 

f functions and how to use useful 

In concl 
n I have learned a lot about string 

matching algorithms, similarity measures, 

OpenCV, how to minimize execution time © 

libraries. 
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