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Abstract: With the evolution of huge amount of ancient and
modern text available in digital format, it is ascertain to mine for
researchers, government, tourist and travelersvisiting all over the
world. However, it isvery challenging and costly. Further, it takes
alot of effort and time for script text mining. Therefore, the study
investigates various techniques for script text mining viz
supervised and unsupervised techniques. Firstly, the study
presents a survey for various kinds of techniques adopted by the
users for extraction of text from image. It also delivers
information about gaps involved in the various approaches.
Furthermore, it incorporate the quantitative comparisons based
among the study of various approaches and techniques for text
extraction as well as script level comparison. The result inferred
on the basis of the script comparison indicates that, the accuracy
level of ancient script was found to be 5% lesser than modern
script. Again, furthermore comparison has been done on
standalone and hybrid machine (Combination of CNN and KNN)
|/ deep learning techniques. The accuracy has been found to be
lower (4%) in case of standalone techniques.

KEYWORDS: Text Mining, Machine Learning, Deep
Learning, Script, | mage scene extraction, Convolutional Neural
Network, K-Nearest Neighbors.

[.INTRODUCTION

Text mining and analysis involves the conversion of

unstructured data into a structured form for analyss,
visualization, etc. The text mining is an collaborative
approach, which embosses the Information and
communication Technology (ICT) [28] viz. extraction of data
, mining of datausing and its computational statistics [5] and
Internet of things (10T) [45]. It encompasses the significant
areas in Natural Language Processing (NLP) [37], which
proved as an ice breaker for different people communicating
in various languages, in order to communicate among each
other to share ideas, culture, etc [34].
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World is very rich in ancient culture, scientific knowledge
flowing in form of Vedas, Upanishads which is a course of
attraction for foreigners to explore the rich culture of the
world and as most of the scripts are available in degraded
form[20],[42]. Text mining involvesvarious steps; firstly text
preprocessing is carried out, which involves the digitization
of handwritten carved manuscripts as input text. Secondly,
after pre-processing the input image is free from noise or
disturbance and is carried to the next phase i.e segmentation,
in which the image is broken into discrete characters, lines,
and paragraphs. Further, text feature extraction involves the
extracting the relevant information from the raw data to be
categorized as global or dtatistical features. Once the text
extraction is performed, next step in text mining is machine
tranglation which incorporates conversion of source language
to target languages using various approaches is done using
conventional machine learning techniques. Mostly the
exhaustive challenges faced in text mining are the text
extraction. Segregating the text and non-text area from the
scene text, containing a lot of disturbance and in-text
trandationi.e. understanding the semantic meaning of the text
and thereafter, it is trandated into equivalent target text
[24],[11].

As aresult, alot of study has been engaviesd to speculate
new studies since many years. The focus of the study is to
accomplish the most efficient challenges faced for text mining
and evaluate the most efficient techniques for ancient script
extraction using machine learning techniques.

Techniques used for Text Mining

A. Supervised Learning

Supervised learning is machine learning which infers the
classifier from training data set to extract the knowledge from
the given dataset. Various supervised learning algorithmslike
K-nearest neighbor, decisiontree, rule-based, etc. are used for
text mining [16].

B. Unsupervised Learning Methods

Unsupervised learning method is a technique of extracting
information from the unlabeled text with no training data
available .This technique can be applied on any text data.
Clustering and text modeling are two approaches used for
unsupervised learning methods [23] .It is the process of
grouping similar text together by finding the similarities
between the various texts and segmenting them.
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Text modeling is a probabilistic model used to determine a
soft clustering, in which every text has a probability detection
[36] over al the clusters.

C. Recurrent neural network (RNN)

RNN isakind of neural network in which output extracted
from the previous layer is given as an input to the next layer
[21], asin neural network input and output is independent of
each other but sometimes for predicting next word
information about previousword isrequired . Therefore, RNN
came into light which solved the problem with hidden layer
which isreguired for managing the sequential data. The RNN
aims to anticipate the tag of current layer using provisional
information of previous layer. It generaly requires an
exhaustive training process as the error decreases
exponentially along the sequence [36] due to which being an
dominant classification mode it isstill not used for literature.

D. Convolutional Neural Networks (CNN)

CNN is a technique of deep learning that accepts input
image and assign weights and biases to various objectsin the
image to differentiate one object from another. The main
advantage of CNN is very less than other preprocessing
algorithms [9],[33]. In order to digitize the text, it performs
Optical Character Recognition (OCR) and converts it into a
convenient format for Natural Language Processing (NLP) of
handwritten or printed text [21].

E. Convolutional Recurrent Neural Network (CRNN)

It isthe combinestheillustrative features of CNN and RNN,
whereas CNN is used for feature extraction and RNN is used
for encoding and decoding of feature sequence extracted.
[15],43].

1. QUANTATIVE RESEARCH

The study is based on the two comparison between various
approaches used for script text extraction among twenty-nine
studies to choose the challenge in each approach and is show
it’s Table.1 and also shows effect on detection accuracy [39].
Firstly comparison has been done based on various machine
learning techniques used for text extraction. Second
comparison is done on various deep learning techniques and
Image Processing techniques for text image extraction in
Table 1 demonstrates the contrast between the twenty nine
researches about script text extraction and research gaps. The
study analysis results in various essential factors important
and relevant in review structure and domain for each review
structure. Another comparison has been done based on input
and output parameters in various research papers as given in
Table 1 dso provides the proposed framework for various
text extraction and noise removal techniques when dataset
provided is in degraded format, which is another major
challenge for researcher to extract the text.

Tablel: Study for the Text Extraction Challenges

S.No . )
Author Domain I nput Output Review Gaps
) To summarize the aspects
. ; ) Framework for extracting ;
1 A-Jeygpriya & C.S.Kanl mozhi Machine Learning | Online Product Review Opinion Orientation the opinion for the . based on the relative
Selvi X importance of the extracted
product review
aspect.
Vector Space Model for prorggcsﬁidnz iofrirl\r/llsed
2 Bijalwan et al.(2014) Machine Learning News articles Information Retrieval ) ’ 9 Time complexity is high
S . technique using KNN for
application Using L
text mining .
Framework for text
Document from Online classification containing
’ ] ! Sources of different ) . five modules GUI, More amount and category
3 Trstenjak.B (2014) Machine Learning sizes and categories Weight Matrix Preprocessing, KNN& of data to be usad
are used Tf-idf, measuring module
and document module
System applies to English
Classifier based characters, it can be extend
4 Gopal& Raghav(2017) Machine Learning Term Document Matrix Automatic document for different languages like
retrieval system Hindi, Kannada, etc. and
handwritten characters.
Technique which usesan | Unavailability of specialized
. . ; ! 20 Newsgroup i unsupervised approach decision viz. unavailability
5 Niusha Shafiabady (2015) Machine Learning database Classified News group unlabeled text of pregiction of pipelining
document defect.
6 Shijian Lu . et.al.( (2016) Machine Learning | Input Document Image Scene text recognition @ster;l(tf;;;c()e:e text Only few mp:;tezarameters re
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Framework using

Text in Hindi, Nepali, . A Lack any explicit
7 Induja& Indu(2014) Machine Learning Marathi, Bhojpuri or Output: Langl_Jage identified frequent words and representation of long range
Sanskrit for the given text. characters for language denenden
: identification(LID) epenaency
. ] ! Text componentspruningin | Systemfor old historical | Extending same methods for
8 Kavitha A.S (2015) Machine Learning Indus document the image text segmentation different Indian Scripts
} } Historical weather - : System for reducing ) s
9 Jan .R et a.(2014) Machine Learning Documents statistical analysis manual labeling Time complexity is high
] ! ) : Methodology for More input parameters
10 Morito & Sabourin (2019) Machine L earming Handwritten month Reduced Clusters on basis minimization of number should be included for
word of Feature selection A -
of discriminant features clustering
Binary Images of Precision 99.528% Recall System using Data Low extraction accuracy for
11 Valy.D, (2016) Machine Learning Khmer palm leaf 99.534 % F-measure clustering algorithm for handwritten cursive
manuscript 99.531%. text line extraction characters
System for text
extraction of historical
Handwritten historical Pixel accuracy, Mean pixel document using pixel Less number of training
12 ChenK, (2015) Machine Learning document images a:cur' labeling problem, instead images are used
meg ay of using preexisting meg
features to train the
classifier .
System for scene text Lesser accuracy for
13 Pei.W .et.al (2013) Machine Learning f -measure 71% detection was proposed multi-orientation cursive
using adaptive clustering text.
Obtains pixel, character
! . ! Proposed an scene text .
14 Zhu.S & Zanibbi.R(2016) Deep Learning Scene Text dataset and word detection detection system for Lower accuracy with similar
f-measures of 93.14%, natural scene color in natural scenes.
90.26%, and 86.77%
: ) - Accuracy is degraded by
R.S.Sabeenian.et.al, } Tamil palm-leaf - Character recognition . f :
15 (2019) Deep Learning characters Recognition Accuracy system using CNN increasing the size of
database.
Translation application
’ ] . Concatenate Segmented ) L Translator does not work on
16 Upadhaya& Jaiswal (2014) Deep Learning Sanskrit Sentences Text using Amflual tenses and web based thesis
Intelligence
Image containing . . . More accuracy can be
17 Sharma& Ugwekar A, (2018) |  Deep Learning printed Sanskrit. | /Articulation for acharacter | Model based onimage | ke by using neural
in the form of English text . processing
characters networks
Proposed a framework .
ircemion | SO
18 TS Suganya & Dr. S Machine Learning Anaen? Tamil script F Measure,Precision using shapeland hough extend for different language
Murugavalli image transform like Group . T
S like devnagri, Hindi,
Search Optimization and Kannada. etc
Firefly . a eic.
Proposed a framework - .
; More training datais
Ray.A. et.al, ; . . . using RNN for Deep . g
19 ((2015) Deep Learning Printed Oriya script Reduced label error Bidirectional Long Short required rtr?o \c/;;\II idate the
Term Memory(LSTM)
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Recognizer for
Handwritten Hangual Achieve better accuracy on
20 In-Jung Kim and Xiaohui Xie Deep Learnin Handwritten Rate of recognition on recognition system handwritten Curs’a\z
9 cep J Hangul Characters SERI95aand PE92 on Deep Convolutional
characters
Neural Networks
(DCNN)
. - Method for text and line ) -
21 KesimanM. etd, (2016) Desp Learning Palm Leaf Manuscript Character recognition segmentation without Toachieve betFer recogpltlon
Images Accuracy I rate of Balinese scrip
binarization process
) . System for recognition of | Requires more better training
22 MaitraD.et.a, (2015) Deep Learning Indmr:)fcr:b?:gz\rsamers Recognition accuracies various scripts on network architecture of
handwritten characters. specified dataset
Framework using
Convolutional Neural As number of layers
23 ChenK.et.al.(2017) Deep Learning Hlstorlpal document Pixel accuracy, Mean pixel | Network (CNN) for page increase perfor o
images accuracy segmentation of accuracy decr anc
historical document ay )
images using pixel
S - ] Proposed a system for - N
24 N.Sridevi& P.Subashini Deep Learning Hand engrossed Tamil Feature vectors ritten Tamil Training and testing time can
(2013) Literature. . be further reduced.
character recognition
N ) - Framework for extracting | Adapting historical Tibetan
25 Xiqun Zhang.et.al, (2017) Deep Learning nggggﬂifgan Pre(;j/cl)ggtragall, text area from historical documents with different
Tibetan text documents layout structures.
Systemfor Natural scene
detection using CNN ,as . .
; ICDAR 2011 3 - ’ Only foreground information
26 Huang .W .et.al, (2014) Deep Learning benchmark dataset F-measure reaches78.60% Maxg?rlgnzable (black ink) is relevart.
(MSERS) approach
CEDAR (Centre of System for recognizing ]
Katiyar.G and Mehfug.S, Excellence for " feed forward neural Achieve be_tter acuracy on
27 Neural Network : Rate of recognition 93.23 : . handwritten Cursive
(2015) Document Analysis network using hybrid
L : characters.
And Recognition). feature extraction.
Fully Convolutional
neural network for
Fully Accuracy achived on historical document
28 Wick.C & Puppe.F(2018) convolutional GW5060, GW5064 Parzival data set 93.6% St. segn_)entaltlon for For further processing only
neural network and GW5066 processing single page black ink was relevant.
Gall 98.4% ; :
(FCN) using raw pixels rather
than preprocessing which
increases speed.
System for Image
Handwritten-DIBCO F-Measure (%) PSNR linearization, in order to Still some more refinement
29 S.Bolan.et.a, (2013) Image Processing 2010 degraded . carry out text need to be done on some
R NRM MPM . - .
document image segmentation containing DIBCO contests images.
external noise.
Table-11: Study of varioustechniques along with the accuracy achieved
. . Script
SNo | Technique Author Technique Used type Dataset Accuracy
1 A.-Jeyapriya & C.SKanimozhi Naive Based Modern ICDAR2013 80.36%
Selvi Script
2 4 Bijalwan et al.(2014) Modem Reuters -21578 81.20%
Supervised : Script '
learning
KNN
Modern Milliyet_9c_1k,
3 Trstenjak.B (2014) Serint Hirriyet_6c_1k, 1150haber and | 92.37%
p Mini newsgroups
. . Published By:
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4 Gopal& Raghav(2017) '\S/'Ccr’i‘:f” Reuters 21578 | 97%
SVM
5 NiushaShafiabady (2015) '\S"C‘r’i‘:f” Reuters | 95%
6 Shijian Lu . et.al.( (2016) '\S"C‘:i‘:f” ICDAR2013 F-measures 78.19 %
Ancient
7 Induja& Indu (2014) (N-gram) Script Word Net 90%
Scrip
Modemn Self-created dataset consisting
8 Kavitha A.S (2015) Scrint of 500 images from archeology 93%
p survey of India
9 Jan R et al.(2014) K Means Moden | MNIST database of handwritten | g 5o,
Script digits
Bangla numeral Devanagari
. ) Modern numeral,Oriya numeral and o
10 Morito & Sabourin (2019) Script Bangla basic character, Telgu 86.60%
Numerals ,English Numerals
) . . Precision 99.528%
1 Valy.D, (2016) Clustering Asr;crlier:t mﬁ”gem Scriptpamlea | ool o953 %
P P F-measure 99.531%.
Unsupervised
Learning
; 84.97%(10 K samples of
12 Saint Gall,he George Saint Gall )
Layer by layer Ancient
Chen.K (2015) convolutional auto Serint 86.60%( 10 K samples of
encoder. P he George
13 Washington and Parzival
Washington and Parzival )
. . . Modern
14 Pei.W .et.al (2013) Adaptive Clustering Script MSRA-TD500 f -measure 71%
Achieves pixel,
character, and word
15 Zhu.S & Zanibbi.R (2016) gl':ge': cans '\S"C‘:Id?” CDAR 2015 detection f-measures of
no P 93.14%, 90.26%, and
86.77%
. Ancient
16 R. S. Sabeenian.et.al.(2019) CNN Script Scanned dataset of palm leafs 96.1%.
Rule Based Machine Ancient
17 Upadhaya& Jaiswal (2014) Translation Using Scrint Transhish (TTS) 94%
Artifical Intelligence p
Deep Learning
Radon and Euclidean . o
18 Sharma& Ugwekar.A(2018) distance transforms Anqent Self-Generated dataset 94.117% On Constants
Script and 76.47% On Vowels
and ANN.
19 Shi.B et al.(2017) CRNN '\S"c‘r’i‘:;m Self-Generated data set 93%
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Recurrent Neural Modern
20 Ray.A. et.al.( (2015) Network(RNN) Script ICDAR 13 95.6%
Deep Convolutional )
21 In-Jung Kim and Xiaohui Xie Neural Network ’S*c”‘?'e”t SERI95 and PE92 95.96% on SERI95a and
ript 92.92% on PE92
(DCNN)
. Ancient
22 Kesiman.M. et.al.(2016) Seript 85%
Bangla numeral Devanagari
. Convolutional Neural Modern numeral,Oriya numeral and
23 MaitraD.et.al.(2015) Network (CNN) Script Bangla basic character, Telgu 99.1%
Numerals ,English Numerals
10K labeled training
Ancient G. Washington, St. Gal, pixels, the accuracy is
24 Chen.K.et.al.(2017) Scrint Parzival, CB55, CSG18, Saint Gall 84.97% and
P CSG863. from 86.54% for George
Washington and Parzival
- - Extreme Learning Ancient Characters from Ancient Script
25 N.Sridevi& P.Subashini (2013) Machine (ELM) Script Tamil Script 87%-95%
F-measure
. Connected Characters Ancient The Complete Works of the reaches85.60%, Recall
% Xiqun Zhang.et.al (2017) (CC) Script Panchen Lama reaches 98.58%Precision
evaluated is75.64%
Convolutional Neural
Network Modern F-measure
27 Huang W .et.al (2014) (CNN)*MSER + Seript ICDAR2013 rechos78.60%
sliding window
) Fully convolutional Ancient GW5060, GW5064 and Parzival data set 93.6%
28 Wick.C & Puppe.F(2018) neural network (FCN) | Script GWS5066 St Gall 98.4%
. . Mod DIBCO-2010,DIBCO 2009
29 | Image Processing | S.Bolan.et.a.(2013) Canny Edge Detection Sc?i p?m 22011 93%
Thetablell further examines the various parameters relevant
to text extraction and comparison done on various techniques 100.00
used within the domains like machine learning and deep ' Accuracy
learning along with dataset and accuracy achieved by each of 80.00
them. The Table Il further compares the accuracy level based B
on different type of dataset. E‘ 60.00
The strength of comparison lies in (1) understanding the 5 40,00
challenges of research in text extraction (2) illustrating the g : m Accuracy
effect on challenge accuracy (3) recognizing the usability of 20.00
various text extraction techniques in different domains.
Firstly, the comparison has been done on the first thirteen 0.00 .
research papers. The target of the comparison is recognizing AndentScri - eModern
various techniques used for text mining using machine Pt 7Yp

learning. It also delivers the effect through accuracy
measures.

The second comparison has been done between the rest
fourteen research papers. The target of the comparison is to
recognize the accuracy level of extraction between modern
and ancient script and as most of the modern scripts are
available in the digitized and tagged format, therefore it is
recommended that more study has to be done on ancient
script.
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Fig.1 Accuracy ( % )with various Script Type
Fig.1 presents the accuracy (%) comparison in modern
and ancient script used in Table 2. Accuracy level achievedin
ancient script islower by 5% than modern script, asit contains
noise and is not available in digitized and tagged format.
Therefore, an extensive study has to be performed on ancient
script [43].
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Fig.2 presents the result accuracy in the form of (%) achieved

with various machine and deep learning techniques for script

text extraction in various studiesasgivenin Table 2. A higher  16.

accuracy of approximately 3% has been achieved using

hybrid model (CNN and KNN) in comparison to standalone -,
techniques for script extraction.
I11. CONCLUSIONS 18

The research concludes the effect of various text extraction

methods using machine and deep learning techniques. 19

The average accuracy (%) is being evaluated based on two '

comparisons done among twenty nine research papers.

The first analysis has been done on the basis of language

script used and the accuracy level has been found lower (5%) 20

on ancient script, due to lack of digitized and tagged format.

Moreover, the ancient script may contain lot of noise, which 23,

effects the average accuracy (%) achieved, on the basis of it

can be concluded that further study may be done on ancient

script extraction. The other study is been done onthebasisof .,

various machine and deep learning techniques used for text
extraction. Therefore, it may be concluded that when

standalone approach is used, it depreciates the average .

accuracy level for script extraction. :

24.
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