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Abstract

Handwriting is the most popular and essential way of written communication in day-to-day
life. Even in this digital age, handwritten documents are still very much used in public of-
fices to maintain the records. People feel more comfortable in handwriting as compared to
typing the text. Thus, there arises the need of some handwritten text recognition system for
the digitization of documents. Due to the presence of large number of writing systems and
scripts across the world with variety of character sets, it is very difficult to develop a single
text recognition system for all the scripts. Many researches have explored machine learning
and traditional feature extraction approaches for multilingual text recognition in handwritten
and printed text.

An efficient text recognition system should recognize the text with significant variations in
individual handwriting styles despite the age, gender, and educational background of the
writers. Many scripts and languages have similar shaped character set which acts as major
challenge for multilingual text recognition. Every domain has different category of users
and writing content. Hence, to improve the performance of text recognition, it is needed to
develop a text recognition system corresponding to each domain which limits the targeted
users and content for training data.

Multilingual text recognition has various phases like data acquisition, pre-processing, seg-
mentation, script identification and character recognition etc. Numerous research attempts
have been made for improving the performance of each phase of text recognition using tra-
ditional, deep learning, machine learning, transfer learning and ensemble machine learning
approaches. Due to shortage of benchmark datasets, deep learning based techniques are less
explored for regional languages. In this thesis domain based bilingual handwritten text recog-
nition system for Gurumukhi-English script is proposed. In the proposed text recognition
system i.e. Bilingual Handwritten Text Recognition for Academic Domain (BHTRforAD),
two new datasets, three segmentation approaches and three OCRs are introduced. Bilingual
dataset from Academic domain containing text written in Gurumukhi and English script with

large variations in content, writing style and document style has been designed. Further, for



composite character recognition of Gurumukhi script, composite character dataset with 307
classes is designed. To segment the handwritten documents, three segmentation approaches
corresponding to line, word and character are proposed using heuristic approaches. The pro-
posed segmentation approaches are able to segment the text with curved, skewed, closed
and touching text lines and words with inter and intra word gap efficiently. Further, to eval-
uate the deep learning and traditional feature extraction methods for text recognition, this
work considers three traditional methods (GLCM, HOG, Gabor) and three deep learning
based approaches (LeNet, Vgg19, ResNet50). Similarly, for classification, many machine
learning based approaches like SVM, RF, KNN etc. along with ensemble machine learning
approaches are considered. For script identification, various combinations of traditional and
deep learning based features and classifiers are evaluated to find the best combination of
feature set and classifier. In OCR, three OCRs are designed corresponding to scripts i.e. Gu-
rumukhi OCR, English OCR and alphanumeric OCR. For Gurumukhi script, a segmentation
free approach to recognize the composite characters for Gurumukhi is proposed using two
stage classification approach.

To check the performance of proposed algorithms various performance measures are used
like accuracy, precision, recall, F1 score, detection rate, recognition accuracy, and CPU time
etc. The results obtained from the experiments have proved the efficiency of proposed algo-
rithms for text recognition of bilingual handwritten documents. Finally, a case study consid-
ering Academic domain documents has been conducted to test the proposed system. Number
of test cases have been designed corresponding to each phase of bilingual text recognition.
Documents containing text with large variations are considered as input for text recognition.
Test cases designed for line, word and character segmentation are successfully passed for
skewed, straight and curved text with inter and intra word gap. Similarly, test cases for script

identification and OCRs have been conducted and results are analyzed.
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Chapter 1

Introduction

This chapter introduces us to the different concepts of text recognition, evolution of text
recognition, bilingual handwritten text recognition, machine learning and deep learning in
text recognition, and various writing systems and scripts of the world. It also discusses the
various phases of bilingual text recognition and the challenges faced by it. Further, numerous
traditional and deep learning based approaches used for text recognition have been studied

in detail.

1.1 Evolution of Text Recognition

Handwriting is the most popular way of communication in our day-to-day life. The usage
of handwritten documents in public offices is the prime example of handwritten text [1]].
People feel more comfortable in writing text as compared to typing. The advancement of
technology has greatly influenced the ways of writing from handwriting typewriters, print-
ing presses, etc. to word processor, e-mails, etc. The invention of pen computing devices
and scanners in 1900 opened up the doors for digitization of text written on paper [2, 3].
The digitization of documents has gained tremendous popularity in the recent times. It helps
in preserving the old manuscripts and documents safe for a longer period. Handwritten text
recognition systems have been designed to make these digital copies more usable in terms of
modifications and searching of content.

Text recognition has various application domains apart from digital simulation of handwrit-



2 Chapter 1 Introduction

ten text such as intelligent document recognition system, machine translation, image to text
conversion, and image to speech conversion. The research in text recognition has evolved
from machine printed text to handwritten text, video, and scene text recognition, etc. In
the early days of 1940-50, template matching based text recognition systems were designed.
The development of electronic tablets, led to the invention of commercial text recognition
systems. Till 90s, text recognition systems were using statistical and structural information
for recognition. After 1990, the research in text recognition has witnessed a major rise due
to the invention of Artificial intelligence (Al) in pattern recognition. Many applications of
text recognition like word recognition, signature verification, and writer identification have
come into existence due to statistical and structural models. Language models and lexicons
have further improved the accuracy of text recognition by considering semantic knowledge.
Till the year 2010, the major focus of CR research community was on monolingual text
recognition. However during the period 2005-10, this focus shifted from monolingual to
multilingual text recognition with the incorporation of script identification module in text
recognition. After 2010, a significant amount of work was done in the areas of cursive
script recognition, scene text recognition, and multilingual text identification in video pic-
tures. Further, after 2014, the deep neural networks gained popularity and provided a new
direction to research in text recognition. These have helped to solve many issues of cursive,
multilingual and complex scripts text recognition using a number of deep layers for feature

extraction.

1.2 Text Recognition

Text recognition is the subarea of pattern recognition research field which recognizes the
different forms of input like the text written in the form of images. It involves the study
of attributes or characteristics of input data to determine the matching and mismatching in
data. An efficient handwritten text recognition system is a computer based system which
recognizes the text or symbols written by human hand or typed by machine. These systems
are divided into two classes i.e., Online and Offline text recognition based on the method

used for data collection. The offline text recognition system takes the scanned copy of text
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Figure 1.1: Evolution of Text Recognition

written in a piece of paper for recognition. On the other hand, online text recognition rec-
ognizes the text written through touch pad using stylus pen. It captures the temporal and
static information in the form of *X-Y’ coordinates, stroke order, pen up and pen down, etc.
This information makes the recognition process more easier than offline handwritten text

recognition [4].

1.2.1 Handwritten and Printed Text Recognition

The offline text recognition is further categorized into printed text recognition and hand-
written text recognition. Printed text recognition takes the machine typed text written using
various font styles, while handwritten text considers the text written by human hands as input
for recognition. Due to the wide range of individual handwriting styles, it is more difficult
to recognize handwritten text. The printed text has stable quality of text due to single format
used by machine from the start to end of the document, while handwritten text has variability

in the text written due to the factors such as age, gender, mood and profession of the writer.

1.2.2 Monolingual and Multilingual Text Recognition

Further, text recognition systems can be classified based upon the scripts used by the text.

Monolingual text recognition system recognizes the text written in one script or language,
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while the multilingual system can recognize the text from more than one script and lan-
guage [5]. The research in the field of monolingual recognition has attained a significant
level for Indic as well as non Indic scripts. The presence of a number of writing styles and
scripts in the world makes it difficult to use monolingual recognition systems [6]. Hence, the
multilingual recognition system came into existence with its ability to recognize text from
various scripts and languages. Traditional multilingual systems consider a number of text
recognition systems for each script along with manual identification of scripts. It is a time
consuming process [7]]. However, the addition of automatic script identification sub-process
in text recognition can make the recognition process faster and more accurate in multilingual

systems.

1.2.3 Writing Styles and Scripts

A script is a graphic representation of a writing style using a particular collection of symbols
[8]. A single script may contain a single language or a number of languages, each with a few
subtle differences. There are mainly six writing styles in the world used by major scripts of

the world. These are described as below:

1. Logographic System: A logographic system uses a set of symbols to represent a com-
plete word. The scripts with logographic systems use thousands of character sets. Han,
Kanji and Hanja are the major scripts included in this system. The character sets of
these scripts included multiple short strokes giving them a complex look. The lan-
guages such as Chinese, Japanese, and Korean appeared under these. This writing
style follows a particular direction of writing like either from left to write or from top

to bottom.

2. Syllabic System: This system is used by Japanese where each symbol written repre-
sents a phonetic sound. These symbols are known as Kanas and are visually similar
to Kanji script. It has two types of Kanas, i.e., Hirakana and Katakana which are less

dense logographic characters.

3. Alphabetic System: This is the most commonly used writing style used in the world.
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Many scripts like Latin, Greek, Cyrillic and Armenian are based on this system. It uses

an alphabet which is a set of character to represent phonemes of a spoken language.

4. Abjads System: This system is quite almost similar to the Alphabetic system except
each symbol represents the consonant sound. The other difference is the writing direc-
tion, i.e. from right to left. Further, it has characters with long strokes connected with
each other giving an appearance of cursive script. The two major scripts that appear

under this system are: Arabic and Hebrew.

5. Abugidas : Abugidas also use alphabetic based writing system including scripts from
Brahmic family of scripts. These scripts have emerged from ancient Indian Brahmi
script. The major scripts used in northern and southern parts of India are originated
from Brahmi with slight modifications in each other. The most common feature of
such scripts is the presence of header line. All the characters in a word are connected

by this header line called "shirorekha’.

6. Featural System: It includes features that make up phoneme generated by symbols and
characters. Korean Hangual script is the prominent script based on this system. It is

designed by mixing logographic Hanja and featural Hangual.

1.3 Bilingual Handwritten Text Recognition (HTR)

Bilingual HTR is a kind of multilingual text recognition system with only two scripts or
languages. In a multilingual nation like India, people use two or more than two languages
frequently for communication. The official documents of public domain includes text written
in more than one language i.e., English and the regional language of a particular area or state
[6]]. Thus, it gave rise to the need of bilingual text recognition system. The coherent bilingual
HTR system should recognize each piece of handwritten text in an unrestricted environment,
regardless of the script, language, or writing style. It has seven sub-processes, viz. data
acquisition, pre-processing, segmentation, feature extraction, script identification, character
recognition, and post-processing. Figure|l.2|depicts the architecture of bilingual HTR. Data

acquisition process captures the textual data in the form of images which is a further subject
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for pre-processing. This precised data resulting from pre-processing phase is used to segment
text into sub-parts like lines, words and characters. The inherent attributes extracted from
these sub-parts are considered for script or language identification of the text. Based upon the
script identified by script identification module, the corresponding OCR will be selected for
character recognition. The post- processing sub-process generates the confidence measure
of the output produced by the classifier. The different phases of bilingual HTR have been

explained in the following subsections.

( \ ( \
Segmentation of

f:reproceg3|ng |::> document into lines,
Rccimentinatesy words and characters

‘ |

Bilingual
dwritten docum
images

—

Feature Extraction of
segmented characters

Character recognition
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resulted from script
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characters using
classifiers

Recognized
Character

End <K—

Figure 1.2: Schematic diagram of key modules of bilingual HTR

1.3.1 Data Acquisition

Data acquisition is the procedure of gathering textual information for recognition in the form
of picture pixels or ’x-y” coordinates. Many digital devices like scanners, mobile phones,
cameras, etc are used to capture the data. Large volumes of data are required to design the
significant text recognition systems. It needs to cover the large variations in handwriting
like writing styles based on age, mood and gender of the writer. The data collection pro-
cess for online text recognition is somewhat different as compared to offline. It collects the
data with temporal information at the various levels like stroke, character and word. For
regional languages in Indic scripts, there is a lack of benchmark datasets for text recognition.
The benchmark dataset provides a platform for comparison, evaluation and development of

unbiased recognition systems for different writing styles [9]].
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1.3.2 Pre-processing

The digital data collected during data acquisition process like images or x-y coordinates,
usually, gets mixed with some unwanted data called noise. It can significantly reduce the
performance of recognition system. The noise could be of two types; low level and high
level. The low level noise appears due to software issues during scanning of the text while
high level noise is considered anything present in the scanned document other than the re-
quired text. For example, a text recognition system has been trained for characters of a
particular script. Now, if we input some different kinds of characters or special symbols,
the output of recognizer will be unpredictable. This could be caused due to the presence of
high level noise, i.e., unwanted characters. Thus, to avoid such unpredictable behavior of the
recognizer, it is desirable to remove all such imperfections from the data.

Apart from noise removal, certain other approaches like slant and skew removal, threshold-
ing, resizing, binarization, cropping, reference line detection, etc have also been performed.
These are the essential steps to prepare data for the recognition process. Skew estimation is
the most important sub-process. It detects the slope of text written with ’x-axis’. If the slope
is not zero, it means the skew is present in the text. Similarly, slant is the angle between
vertical axis and vertical strokes of the text. An ideal text has strokes written in a vertical
position. The most challenging step in slant and skew correction is to determine the slant

and skew angle [[10, [11]]. Most of the researchers have used projection profiles, Wigner Ville



8 Chapter 1 Introduction

distributions, cost functions and structural features using chain code to determine the slant
and skew angle [12, 13} 14, [15]].

The image acquisition phase captures the images in gray scale format using digital scanner.
In gray scale format, data is represented using ’0’ and ’1’° while various shades of gray re-
main present in between 0 and 1. The process of storing these gray scale images into less
storage intensity format, i.e., binary is called binarization or thresholding. Otsu is the most
common approach used by the researchers in the past for binarization. Further, for cursive
scripts, core region detection is also an important pre-processing step. The core region is
the area between lower and upper baseline of the written text [[16]. The correct core region
detection could serve many purposes like skew and slant estimation, and determining the
character height for contextual information [[17]. The data collected during data acquisition
may vary in size for each sample. Thus, during pre-processing, normalization of data is

performed to make all samples of a uniform size.

1.3.3 Segmentation

The recognition of textual data is more efficient at the character level as compared to the line
or word level. Hence, there is a need to isolate the characters from lines and words before
transmitting to the recognition system for classification. Segmentation is the process of find-
ing segmentation points in an image to decompose it into sub images for better recognition
results. Equation [I.I]shows the segmentation process; where, image "I’ has been segmented

into i’ sub images using operator ’S’ [18]].

I(x,y) = S.i(x,y) (1.1)

It is considered as one of the crucial parts of text recognition process. For text recognition,
it is defined at four levels i.e. page layout analysis and segmentation, text line, word, and
character. Segmentation is a more challenging task in handwritten text as compared to the
printed form. In contrast to printed text, handwritten text has irregularly spaced lines and
words, touching and curved letters, and variations in each writer’s handwriting style, making

segmentation a more difficult task.
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recognition based, and holistic approaches [19]. The classical approaches use certain at-
tributes of written text to segment the text into meaningful components. Projection profile
based approaches are the most common examples of classic approaches for segmentation.
In recognition based approach, a recognition module runs simultaneously with segmentation
phase to find the optimal cut points. Some common techniques used in these are Hidden
Markov models, dynamic programming and neural networks, etc. Lastly, holistic based ap-
proaches are designed by combining dissection and recognition based techniques. These
approaches consider recognition module to select the optimal segmentation point resulting

from dissection method.

1.3.4 Feature Extraction

In any pattern recognition problem, feature extraction has the most significant role for classi-
fication of data. Features are the variables representing the characteristics or attributes of any
specific data. It is crucial job to design an efficient feature set for the classification task. The
feature extraction process consists of four main sub processes, i.e., feature generation, fea-
ture selection, feature reduction, and feature evaluation. Feature generation process designs
the features using statistical and structural properties of data. In text recognition, features

extracted are categorized into two categories based on the level of information extracted, i.e.,
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low level features and high level features. The low level features consider the neighboring
points in the data to extract information like area, ’x-y’ coordinates, tangents, etc. These
lower level features are combined at a large scale to calculate the high level features of data
like crossings, dots, and loops [20]. Various methods such as Gray Level Co Occurrence
Matrix (GLCM), Histograms of Oriented Gradient (HOG), Scale Invariant Feature Transfor-
mation (SIFT) are available to extract the low level features.

These extracted features, based upon the feature extraction process, are further divided into
traditional features and deep learning features. Traditional features consider human exper-
tise and traditional approaches like Gabor filter, HOG, SIFT, etc. to represent the geometrical
and surface properties of the text. It requires to identify the appropriate region for feature
extraction and then the corresponding feature extraction approach. Hence, the results of
classification using such features are highly dependent upon the type of pattern used and
approach applied for feature extraction. Statistical and structural features are the two ma-
jor categories of such features. The statistical features use zoning, projection profile based
approaches, crossing and distance based feature extraction approaches. These features are
noise and deformation tolerance. Structural features use geometrical properties of text to de-
scribe the shape of written text. The features extracted using curves, edges, loops, branches,
aspect ratio appear under these. Another category found on the basis of transformations is
texture features. It includes Gabor filters, GLCM, Gradient, cosine based and wavelet trans-
formation based features.

The latest trend in feature extraction is deep neural network based features. These networks
are capable of automatically extracting the high level features of pattern using a number of
deep layers. Convolutional Neural Networks are highly employed as feature extractor for
pattern recognition problems.

The extracted features may contain some irrelevant and redundant data. Thus, a filtration
process is required to remove such irrelevant data from the designed feature set during the
feature generation process. Some of the researchers have found Sequential Forward Se-
lection (SFS) and Sequential Backward Selection (SBS) approaches significant for feature
selection [21]. Further, filter and wrapper approaches have been designed using some kind

of ranking algorithms [22]. Sometimes, the extracted feature set has large dimensions which
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makes the task of learning more complex. Hence, to reduce the dimensions of feature set
without losing the relevant information, feature reduction process is considered essential.
The approaches based on principal component analysis are widely adopted for dimensional-

ity reduction [23].

Principal component analysis (PCA), Linear
discriminant analysis(LDA)

Feature reduction

Feature generation/ representation

Figure 1.5: Various steps for Feature extraction process

The accuracy of recognition process highly depends upon the features used. In text recog-
nition, it is difficult to choose the promising features due to large variations in individual
handwriting style. Hence, it gives rise to the need of some kind of feature evaluation criteria
for extracted features [24]. The most commonly used approaches used are weighted voting,

classifier combination, plurality vote, and ranking for feature evaluation [25} 26].

1.3.5 Script Identification

Script identification is the process of determining the script of text written using some fea-
tures which distinguish it from other scripts. The distinct spatial distribution and visual
characteristics of script are represented by these features. Hence, the motive of script iden-
tification is to discover the features of text and then classifying the text accordingly. Script

identification is employed at the various levels like page, paragraph, text line, word, and
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character. Script identification approaches are categorized into two classes based upon the
features and approaches used, i.e., structure based and visual appearance based.

Structure based methods use stroke structure, connected component, and writing style of
scripts to identify each script. Connected component analysis has been used to analyze the
morphological attributes of script. Further, there are some scripts having characters con-
nected by line in a word. In such a scenario, connected component analysis based methods
are applied for script identification. The textual symbols of each script have been considered
as the unique features for identification at the page level. It includes discrete characters, ad-
joined characters, etc. These methods require larger blocks of text to extract the information
required for script identification. However, in the multilingual text, a smaller block of text
has been taken for script identification. In multilingual country like India, text document
contains different scripts at the line, word and character levels. To identify the script of a
paragraph or text line, horizontal projections, neural networks and texture features have been

used. Script identification at the word and character levels is more difficult than the line
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level. Because the regions available for feature extraction during the word or character level
are not sufficient to identify the script.

The appearance based methods consider that each script has a different visual appearance
like shape of character set, word and sentence formation etc. Hence, a glance at the writ-
ten text provided that a casual observer can differentiate without performing any component
analysis operations. The most common approaches used under these are the vertical and
horizontal projection profiles. It further considers script identification as a texture analysis

problem.

1.3.6 Character Recognition

The recognition process identifies the unknown pattern and assigns a class label to that
pattern. Suppose, there is an 'n’ dimensional feature vector extracted from a pattern, i.e.,
Vi =v1,v2,..., v, the recognition model will design a classification function ’f” which maps

the feature vector to corresponding class of pattern, i.e., ¢; from set of classes, i.e., C.

f: (vi—>c,-]c,~ EC) (1.2)

The recognition models are divided into two categories, i.e., shallow architecture based mod-

els, and deep architecture based models [27]].

Shallow architectures are the traditional machine learning based classifiers like Sup-
port Vector Machines (SVMs), Random Forest (RF), K-Nearest Neighbor (KNN), Hidden
Markov Model(HMM) etc. These classifiers consider features extracted from traditional fea-
ture extraction approaches to train the recognition model. The following are the examples of

shallow classifiers:

1. Hidden Markov Models (HMM): HMM is commonly used in online text recognition
tasks. It computes the probability of a particular observation sequence for a model hav-
ing various state transitions probabilities and observation symbol probabilities. Every
class of data is modeled with an independent HMM. The output class for an unknown

pattern will be the class having HMM with the highest probability [28]. These recog-
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Figure 1.7: Hierarchy of various recognition models

nition models can easily tolerate the insertion, deletion and substitution errors in data.
In text recognition, two types of HMM models are designed : model discriminate and
path discriminate. In model discriminate, for each word in the lexicon, a specific model
is trained. It requires sufficient samples for each word to design a training model ac-
cordingly. The other approach, i.e., path discrimination uses a single HMM for all the

words. It models each character using smaller group of states.

. Support Vector Machines (SVMs): These provide the supervised learning of data for

classifications and create decision boundaries called hyper planes for classification of
data into different groups with the help of training samples. These machines use linear
and non linear functions to design the hyperplane corresponding to the type of pattern.

The mathematical representation of linear functions is as below:

y(x)=Sx—a (1.3)

where, 'y’ is the vector normal to hyperplane; and ’a’ is the displacement relative to
the origin [29]. For data with high dimensional space, linear function will not be able

to generate efficient decision boundaries. In such cases, a new hyperplane and support
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vectors are needed to map the data to higher dimensional space, i.e.
y(x) =) v(D)e(DK (xi,x) — b (1.4)

It uses non linear kernel function, i.e., K(x;,x).

3. KNN: These are the supervised learning methods where the distance between train-
ing samples is used for classification. KNNs find the closest group of training ob-
jects based on the distance between these objects and assign the most common class
among their 'k’ distance nearest neighbors. Suppose, there is a ’x’ instance from test
set, KNNs will find the k-nearest neighbors of this object. The class which is most
common to these nearest objects will be assigned to the test instance. The commonly
used distance measures in conventional KNN are Euclidean distance, cosine similarity,
Minkowsky, correlation, and chi square. Many researchers have designed new KNNs

with modifications into the distance measure function.

4. Artificial Neural Networks (ANNs): These are the information processing systems
where number of simple cells or neurons are interconnected through weighted con-
nections. The connections of these neurons are inspired from biological neurons as
each neuron derives its input and output from other neurons. During the learning of
networks, the weight of each neuron get updated until the best weights are produced.
After training, these stable weights have been used for classification of data. Back-
propagation mechanism has been used to update the weights. In backpropagation,
initial weights are propagated to the network in forward direction from input to output.
After that, the error between the observed output and actual output is propagated to

update the weights and biases. The mathematical formulation of ANN is as follows:

y:f(Wlil,Wziz,.--,Wnin) (15)

where, iy,i2,...,i, are the inputs at each node; and wjy,w,,...,w, are the updated

weights at each node [27]].

5. Template matching: Template matching methods use the skeleton or template of a pat-
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tern for a reference to recognize the input pattern without using any feature extraction
approaches. This approach is considered the simplest due to its independence to train-
ing data and easiness in handling the manual conflicts. It uses segmented sub parts of
character pattern to map the template pattern. Hence, it requires to identify the seg-
mentation points before recognition using global normalization and re parametrization
[30]. Dynamic Time Warping (DTW) is the most popular approach used for template

matching in CR.

The sallow architectures are unable to represent the real world problems like human visual
system due to their limited representational power. Such problems have complex layered
information which needs powerful models with many deep layers to extract it. Deep archi-
tectures used in deep neural networks can extract such rich sensory inputs with the help of
hidden layers. These models are capable of automatically extracting the features using un-
supervised learning.

The idea of deep network comes by adding the number of hidden layers in the traditional
artificial neural networks, i.e., Multi Layer Perceptron (MLP), and Feed Forward Neural
Network (FFNN), etc. However, initially, these models faced the issues of learning weights,
local optima in backpropagation, and processing power to train the model. There was a rise
in the use of deep networks after Hinton found a solution to the problem of optimization in
’2006° [31]]. He has designed Deep boltzman Machine using a number of FFNNs. After
this, many other researchers used these machines for speech recognition and other pattern
recognition problems [32]]. CNN, RNN, and LSTM are the most popular deep networks used

for text recognition. These have been explained as follows:

1. Convolutional neural networks (CNN): Theses are the most popular models among the
deep networks. The structure of these models is like FFNNs except the three different
layers, i.e., convolutional, pooling, and fully connected layers [33]]. The convolutional
and maxpooling layers are connected alternatively and followed by the fully connected
layer. These layers extract maximum information of input pattern in the form of cer-
tain features. The first layer extracts intersections, while the second layer extracts the

edges and so on. As this information passes to higher layers, it becomes more invari-
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ant. The last fully connected layer of the network represents it in the form of vector.
This vector is passed to an MLP classifier for generating the output.

Convolutional Layers: These use convolutional operations on the small portion of im-
age with small learnable weights to extract the features of pattern for that plane. These
weights are shared by all the feature maps of that plane. For this, a filter called kernel
of size MxM is used on the input plane. This filter performs convolution operation
by sliding over the input image. Horizontal and vertical distance used to move the
window on input plane is called stride. The mathematical formulation of the output

feature map at convolutional layer 1 is calculated as:

k k
0= (Y Y Won0iim jintb) (1.6)

m=1n=1

-1
i+m,j+n

/

Here wy,

, 1s the convolutional kernel at layer I; and o represents the feature
map of previous layer; and &' is the bias input. The function f represents activation
function responsible for generating the non linearity in the network.

Pooling Layer: This layer is used to reduce the complexity of network by generalizing
the feature map generated by convolutional layer. It reduces the dimensions of the
feature map based on the size of mask used. It does not alter the feature map, instead
it uses some kind of pooling. Like the max function used in max pooling, it extracts
the maximum value from feature maps to get the higher level features which are robust
and translation invariant. This process reduces the learning time of the network. The

mathematical formulation of max pooling is:

—1 —1
Fli= max(ff+k(i—l)+k(j—l))’ " l§+k(j—l))’ ) (1.7)

Classification: The last layers of CNN are fully connected layers which consist of
high level features. These layers use the one dimensional flatten feature vector as
input and generate the output class. It uses softmax classifier which is a simple logistic

regression for generating the probabilities of each output class [34} 135,136,137, 137].

2. Recurrent Neural Networks (RNN): These are used to learn the sequential data. These
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implement the sequential behavior with the help of loop present on hidden layer com-
putational units. For the implementation of RNNs, correlation is needed among data
points. The labeling of input sequence in RNN is done using a set of rules corre-
sponding to the past sequence. For this, it uses feedback connections to retain the past

sequence calculations as input for next iteration. The hidden state S, is represented as:

Sy =UL,+WS,_1+b (1.8)

Here, S, represents the output of previous hidden unit while /,, represents the current
input [33, 38]. The RNN output 1.e. O, is produced using linear transformation of
hidden layer output.

0, =VS,+c;where (1.9)

. Long Short Term Memory: RNNs suffer from the problem of vanishing gradient.

Sometimes, for the complex and large inputs, it is difficult for RNN’s hidden units
to retain the complex information for a long time. Hence, the information required
for a longer time starts vanishing from the cells memory after some time. This issue
has been resolved by designing the LSTMs through the replacement of RNN encoders
with an internal memory structure. LSTM uses three gates i.e. input, output and forget
gate, it helps in modeling the large temporal dependencies. The input gate determines
which input information should be stored in the current hidden state. The output gate
determines which information from the hidden state should be included in the output
at the current time step. The forget gate decides which information from the previ-
ous hidden state should be “forgotten” or excluded from the current hidden state. The

following composite functions calculate the hidden layer function as:

Iy = O (WxiX; +Whih—1 +Weici—1 + B;) (1.10)

f;:G(foxt-l-whfh;,l+WCfC,,1+Bf> (1.11)

¢t = frei—1 + iy tanh(wyexy +wpcht — 1+ Be) (1.12)
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O = G(onxt FWhoH; 1 +WeoCy +Bo) (1.13)
hy = O tanh(ct) (1.14)

where 1, 0 and f correspondingly denote the input, output and forget gates. o refers to

the logistic sigmoid function and c stands for cell. [39]]

1.3.7 Post-processing

The post processing phase is used to evaluate the character recognition results generated
from the recognition model. In this, the classified text from recognition models is matched
with some predefined sets of labels for efficient results. It helps in reducing the errors in
classification. Kukich et al., have found three types of errors in text recognition problem:
non word, isolated word, and context dependent errors [40]. To improve the classification
results, some kind of confidence measure is required to access the recognition results. Many
strategies prevail to find the confidence measure such as posterior probabilities, maximum
likelihood ratios, etc. The mathematical representation of confidence measure is as below

[41]:

p(tlh) = P(hlt)P(t) (1.15)

The four major factors which affect the post processing results are: confidence measure,
lexicon size, statistical language model, and searching strategy [42]. RNNs are widely used

as language models for post processing of speech and text recognition applications [43], 44].

1.4 Domain based Bilingual HTR

Domain based handwritten text recognition system recognizes the text from a particular do-
main like academic, health, transport etc. However this work considers only the documents
of academic domain for text recognition. Handwritten documents are used by a large number
of public domain offices for the maintenance of records. Each domain has a different text to
be used, writing style of users, qualification of users, different page style and structure, and

different categories of users. Thus, it is quite challenging to develop a single text recognizer
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for all the domains. Keeping this problem in view this work considers only the text written
for academic domain. Of all these domains, academic domain is the one which highly uses
bilingual text in official documents. In the Punjab state, Punjabi and English languages rep-
resenting the Gurumukhi and Latin scripts respectively are used in official documents. As an

example, the document image under this domain is shown in Figure [I.8]
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Figure 1.8: Sample of Bilingual document from Academic domain

Bilingual text recognition systems are required to convert such documents into machine
editable form. This recognition system is designed by using all the sub processes of a bilin-
gual text recognition corresponding to academic domain data. It can also be used for other

domains by training the system corresponding to the required domain dataset.

1.4.1 Gurumukhi Script

Gurumukhi script was standardized by the second Sikh Guru, i.e., Shri Guru Angad Dev ji in
the sixteenth century. The word *Gurumukhi means’ ’from the mouth of Guru”. Gurumukhi
script from the Indic scripts category is the base for Punjabi language [45]. The Punjabi lan-
guage is spoken across the countries like India, Canada, America, Australia, New Zealand,
India etc. Gurumukhi script has some resemblance with the Devanagari and Bangla scripts.
The writing direction of script is from left to right and in top to down approach. The char-

acter set of Punjabi language includes 35 basic characters, 12 vowels, 6 additional modified
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consonants, and 3 half characters. The character written in Gurumukhi script has a header
line present at the upper part. Gurumukhi script is a cursive script where characters in the
word are connected by header line. Gurumukhi word is formed with the combination of
character and vowel. The word written in Gurumukhi script is divided into three horizontal
zones, i.e., upper zone, middle zone, and lower zone. The region above header line is called
upper zone, where most of the vowels appear. The area between header line is the busiest
zone called middle zone, where consonants and some parts of the vowels remain present.

The lower zone is the area below middle zone containing vowels.

1.4.2 Latin Script

Latin script belongs to the alphabetic writing system of the world. It is also called the Roman
script. The most popular languages appearing under this are English, Italian, French, Ger-
man, and Spanish, etc. English is considered as the standard language across the world for
communication [8]. It has the simplest character structure composed of few lines and arches.
It has 26 capital letters and an equal number of small letters in the character set. Due to the
effect of colonial rule by the British, English has been accepted as a supporting language
along with the regional languages across the world. English language is a cursive language

as characters in a word are connected at the lower line.

1.4.3 Numerals and Special Characters

There are mainly 10 symbols used in the Arabic numeral system to represent the numbers.
These symbols can be used individually or in combination to represent the number. These are
called Arabic numerals. These were introduced in the tenth century in Europe and America
by the Arabic speakers. Around the 13th century, the European mathematical circle had
accepted the western Arabic numerals; and by the 15th century, its usage became common.
Apart from alphabets and numerals, there is another category of characters called special
characters. Punctuation marks and some symbols appear under this category. However, for
the purpose of this research work, the special characters available on typical US keyboard

and widely used in official documents have been considered.
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1.5 Deep Learning and Machine Learning in Text Recog-
nition

Deep learning is the class of machine learning which uses many stages of non linear infor-
mation processing for pattern classification and feature extraction. Before deep learning, the
traditional machine learning architectures used a single layer of non linear transformation
for converting the raw data to problem specific feature space. The simple architecture of
machine learning models is able to solve many simple and well constrained problems. But,
it lacks in modeling and representing the complex real world problems like human speech
recognition, scene text recognition, etc. Deep learning has been inspired by human visual
system which is hierarchical in nature. Machine learning models need explicit methods for
feature extraction and classification. However, in deep learning, the pre training steps extract
the structure and regularities in data in the form of features using a large number of unla-
beled training data. Further, to fine tune the data, supervised learning is performed using the

labeled data.

1.5.1 Transfer Learning

Deep learning models have the only disadvantage of high training cost of network. These
networks require huge training data which increases the number of trainable parameters of
the network. Some researchers have developed parallel computing techniques to decrease
the training time. These include GPU based systems which speed up the training of network.
The recent trend emerging in deep learning is transfer learning which optimizes the training
cost of network [46]. The example given below clearly defines transfer learning:

Suppose, a large dataset D; is used to train a model M using deep neural networks for a
source task. There is another dataset D, which is smaller than D;. There is another model
N which is to be trained using dataset D,. But the dataset D, is unable to train the model
N from scratch due to its small size. Transfer learning provides the way to reuse a part of
pre-trained model M to train the model N for dataset D,. However, both the datasets should

belong to the same domain.
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1.5.1.1 Need of Transfer Learning

The classification models for the real world problems like text and speech recognition de-
mand larger deep networks with a number of deep layers. The training of such deeper net-
works demands a huge amount of training data for optimization of hyper parameters. The
optimal way is to use the weights of pre-trained models on the large dataset, for research
problem having smaller dataset with the help of transfer learning. The other major reason is
the training time needed to train deep network based models from the scratch. These models
need large processing power to train a large number of trainable parameters. The initial lay-
ers of such networks extract the low level features of the pattern like edges, etc. The weights
of these layers can be reused from one dataset to another of the same domain. Hence, to
decrease the training cost of the network, weights of lower level layers are reused in transfer

learning; and only higher level layer weights are optimized corresponding to the dataset.

1.5.1.2 Techniques of Transfer Learning

There are numerous techniques to implement transfer learning using pre-trained models.
Each pre-trained model has a different architecture. The selection of such models depends
on many factors like how similar is the source and target domain data, size of the dataset,
computational resources, etc. These models are trained on Imagenet dataset having 15 mil-
lion images with 22000 class labels. Thus, such a large dataset is sufficient to train an

accurate classifier. These models have been investigated as hereunder:

1. AlexNet: AlexNet was designed in 2012 by Hinton. It is comprised of five convo-
lutional layers, followed by maxpooling, dropout, and batch normalization layers. It
has three fully connected layers. The inputs to this architecture are the images of size
227x 227x3. To perform transfer learning, the last two fully connected layers can
be replaced. In this network, certain improvements were made through are the use of
augmented dataset and training on multiple GPUs. Further Relu was used in place of
Tanh which helped to solve the issue of vanishing gradient. Furthermore, the use of
dropout layer and data augmentation helped in solving the problem of over fitting of

network.
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2. VGGI16 and VGGI19: VGG16 has more deeper layers than AlexNet. It consists of 13

convolutional layers along with maxpooling layers. Due to its denser architecture, it
requires three times more trainable parameters and computation power than AlexNet.
VGG is designed for input images of size 224 x224x3. Like AlexNet, the last 16th
convolutional layer is replaced with the adaptation layer having two convolutional lay-
ers for transfer learning. Thus, the trainable parameters from convolutional layers 1 to
15 are kept frozen; and only the parameters of last fully connected layers FC16 and
FC17 are trained. VGG19 processing is similar to that of VGG16 except that it has 16

convolutional layers and 3 fully connected layers resulting in 19 layers in all.

. ResNet50 and ResNet150: These are the CNN models designed to resolve the van-

ishing gradient and degradation problems. It uses the concept of residual learning in
layers. It is identity mapping which does not have any parameters. It simply uses skip
connections to add the output of previous layer to the output of layers ahead. It helps
in training the network with a large number of deep networks. Hence, the authors of
ResNet had tested it with hundreds of layers. ResNet with 152 layers had less number

of trainable parameters than VGG due to residual mapping.

. LeNet5: LeNet is one of the oldest pre trained model proposed by Yann LeCun in 1998.

They have used it for image classification of handwritten and printed characters. It is
a five trainable layer model consisting of 3 sets of convolutional and average pooling

layers. It takes an input of size 32x32 grayscale images [47]].

. GoogleNet (or Inception vI): It was designed in 2014 by Szegedy and had won the

ImageNet challenge. It uses the inception module. Each inception module has two
layers and six convolutional blocks. It acts like a multi level feature extractor and uses
less number of parameters than other networks. It has twelve times less parameters

than AlexNet.

1.5.2 Ensemble Machine Learning

Ensemble learning is the way to revamp the recognition accuracy of classifier by combining

different classification algorithms together. It can be performed in various ways such as
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exploiting the training parameters of classifiers, considering various subsets of classifiers,
manipulating the input features and output of classifiers. There are two major conditions to
design an ideal ensemble classifier. The base classifiers need to be highly diverse and the
prediction performance of ensemble classifier needs to be higher than the base classifiers. To
combine the complementary nature of different classifiers, ensemble based classification is

the optimal solution.

1.5.2.1 Need of Ensemble Machine Learning

The three major reasons led the research community of machine learning to design the en-
semble of machine learning approaches, i.e., statistical, representational, and computational.
Sometimes, the statistics of training data are not correspondingly sufficient to the hypothesis
space. Hence, the results generated by each learning algorithm remain the same. To prevent
this wrong classification, ensemble learning uses the average results of each individual base
classifier. Some algorithms, such as decision trees and neural networks, are challenging to
train for large numbers of training samples because of the local optimum problem. It further
increases the computation cost of algorithm. Ensemble learning provides solution to this by
running many local searches with many different starting points. In certain cases, simple
machine learning models are not able to represent the true function for training data. An
ensemble classifier uses weighted sums of hypotheses to expand the space of representation

function.

1.5.2.2 Techniques of Ensemble Machine Learning

Three approaches are most commonly followed to design the ensemble classifier using dif-

ferent machine learning algorithms. These are explained as hereunder:

1. Voting: In, Voting based ensemble, each classifier’s predictions are treated as votes.
The final prediction of output class will be the one having maximum votes. Two types
of voting based ensembles are used, i.e., majority voting, and weighted voting. The
majority voting outputs the prediction class having more than half of votes from indi-
vidual classifiers. The weighted voting assigns a weight to the better model and runs

it multiple times.
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2. Bagging: It is also called bootstrap aggregation. The bagging-based strategy creates

homogeneous learning models that correspond to the sub samples that are designed at
random from the training data. Suppose, we have a training dataset of size n; and N
training subsets have been chosen randomly from this data. Now N individual classi-
fiers will be generated corresponding to each subset. Each subset has an average of
63.2% of the original data and certain repetitions. This ensemble approach is consid-
ered to be the best for unstable base classifiers like neural network, decision tree, etc.

where, a little modification in training data can highly affect the learning algorithm.

. Boosting: This ensemble approach also uses the subset of training data and applies ho-

mogeneous models on these subsets. However, the major difference lies in the process
of choosing the training subsets. It considers the classification results generated by
learning algorithm in each iteration and assigns weights to samples using some kind
of cost function. The wrongly classified training samples are assigned with higher

weights to boost their performance.

1.6 Research Gaps

The various research gaps found after reviewing the process of text recognition approaches

are explained as fellows:

1. Exploring CR in hybrid documents, videos and camera images: The hybrid documents

include handwritten and printed text, as well as graphic or pictorial information. Itis a
quite challenging task to process data with large variations. Further, more effective pre-
processing and segmentation algorithms are needed for text detection and localization
in video and camera-captured pictures. Many researchers have explored deep architec-
tures for scene text recognition and found promising results for non-Indic scripts. An
equilibrium between model performance and training costs must be found. Further,
for Indic scripts like Telgu, Punjabi and Tamil, text recognition in hybrid documents is

required to be explored.

2. Feature extraction using deep architectures: The traditional feature extraction ap-
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proaches demand human expertise to design an approach for feature extraction. Ad-
ditionally, these approaches are unable to extract the high level features of pattern
needed to classify the complex patterns. In text recognition, there are characters of
the same shape in certain scripts. These features fail to identify such complex pat-
terns. However, deep network based features automatically extract the features using
deep layers of abstraction. For multilingual text script, independent features can be
extracted through deep networks. Further, the traditional classifiers when used with

these features can considerably raise the recognition accuracy of the model.

3. Segmentation: Segmentation in handwritten documents, is more challenging as com-
pared to the printed text. The irregular page size, touching, skewed, curved and closed
text lines present in handwritten documents make this task more complex. The ac-
tual shape of character gets distorted in segmentation of touching and overlapping
characters. Thus, some kind of linguistic features are needed to remove the errors of

segmentation.

4. Improving various performance measures: Accuracy is the most commonly used per-
formance measure in text recognition. However, for multilingual text recognition,
some other parameters like size of documents, font style, mode of text, etc. are also
significant. The CPU time is also one of the prominent parameters to evaluate the

various recognition algorithms.

5. Classification using deep and shallow architectures: The complimentary nature of
different classifiers can be combined through a certain strategy to improve the perfor-
mance of recognition process. The training samples wrongly classified by one clas-
sifier can be accurately recognized by another classifier. Ensemble classification is
the prime example of such a classifier combination approach. The two most common

strategies combining different architectures are cascaded and parallel.

6. Text recognition issues in Indic scripts: In majority of the Indian scripts, a header line
connects the characters in a words. It makes the task of character segmentation dif-

ficult. The writing zone is further split into three subzones, namely the upper zone,
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10.

11.

middle zone, and bottom zone. The zone identification for segmentation of data is
a crucial task. The other major issues include matras present in the upper and bot-
tom zones of characters, vowels connected with characters and confusing structure of

vowels.

. Script specific observations: Unlike the Indian scripts, non Indian scripts such as En-

glish and Arabic have achieved efficient accuracy in the matter of text recognition.
In India, there are 22 official regional languages which need to be explored for text

recognition.

. Issue of similar and confusing characters: Certain scripts have characters of similar

shapes. The identification of such characters in multilingual CR is really a tedious task.
Structural attributes fail to distinguish such character pairs. Further, during the early
stages of recognition like segmentation, the candidate attributes of such characters get
distorted. Therefore, some kind of early pre-processing stage is needed to maintain the

actual shape of such character pairs.

. Benchmark datasets: Lack of sufficient study for regional languages in multilingual

CR has been caused by the absence of any benchmark dataset. For multilingual recog-
nition, we need a corpus having character sets from different scripts with large vari-
ations in writing styles. The dataset should consist of optimal number of samples

capable of maximizing between class variations and within class variations.

Incorporating semantic and linguistic corporation: In multilingual CR, the popularity
of artificial intelligence based approaches like knowledge based systems have raised
the need of semantic and linguistic information. It helps in evaluating the recognition
results and corrects the wrongly classified patterns. However, it is of great significance

to choose the best searching strategy, language model and confidence measure.

Deep architecture for multilingual CR: In multilingual CR, a good number of classes
exist in the training data which need deeper architecture to classify such a complex
data. However, computational complexity is the main hurdle in training deep architec-

tures. Some pre-trained networks can be used to improve the training time and cost of
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deep networks.

1.7 Problem Statements

Many real-world computer vision applications, including content-based image retrieval, dig-
ital libraries, document image processing, multilingual text recognition, scene, video, and
natural image text recognition, rely on CR. There has been tremendous development in the
field of technology which has highly influenced the research trends in CR for regional lan-
guages. There are numerous scripts and writing systems in use today. Generally, the people
use two or more writing styles for day-to-day work. In a multilingual country like India,
the public office documents are available in two languages, i.e., English and the regional
language. Thus a dire need is felt to develop a multilingual text recognition system.

To convert the handwritten multilingual manuscripts into machine editable form, the most
important phase is the text segmentation at the line, word and character level. The pres-
ence of irregular spacing, curved, skewed and touching text, and large variation in individual
writing styles makes the segmentation of handwritten text more difficult as compared to the
printed text. Further, results of segmentation process vary with the use of different scripts,
digitization method, writing style and mode, image type and size.

In multilingual text, certain similarities exist in various scripts within classes and between
classes. A single feature set and classifier is not sufficient to classify such data. As each
feature set and classifier provides different results for different patterns, thus, there is a need
to combine the complementary nature of different classifiers and feature sets. Further, to
process multilingual text, a sub process called script identification is required. Script iden-
tification can be performed at the page, paragraph, line, word and character level. In public
office documents, some words contain characters from different scripts. Hence, it gives rise
to the need for script identification at the character level. Moreover, the feature extraction is
more efficient and less time consuming at the character level as compared to the word and
line level. After script identification, the corresponding OCR is required for text recognition.
Due to an insufficient amount of regional data, it is challenging to employ deep learning

techniques for text recognition for regional languages. Thus, some sort of transfer learning
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and parallel processing approaches are needed to utilize the power of deep networks for text
recognition of regional languages. The potential methodologies used under transfer learn-
ing are fine tuning, domain adaptation and feature extraction while for parallel processing
are data parallelism, model parallelism and pipeline parallelism. In fine tuning, pre trained
models are fine tuned to new tasks while for feature extraction we use the activations of
pre-trained models as features for a new model. In this we freeze the pre-trained layers and
extract features from intermediate layers, which are then used as inputs for a new model. Fur-
ther for domain adaptation, a model trained on one domain (script identification) is adapted
to perform well on a different but related domain (Character recognition). To implement the
parallel processing approaches, the potential methodologies are data parallelism and model
parallelism as all the models are trained using GPUs. Further to implement parallel pro-
cessing pipeline parallelism can be used for composite character recognition which divides
the training process into stages, where each stage processes a subset of the data and passes
intermediate results to the next stage. As the characters in Gurumukhi script have modifiers
present in the upper and lower zones, segmentation becomes more difficult. Hence, some
kind of composite CR is needed to maintain the accuracy of CR. Dataset from the academic
domain is required to design the text recognition system for this domain.

The success of proposed solution will be measured using various evaluation metrics includ-
ing accuracy, precision, recall, F1 measure, Computation time, detection rate, recognition
accuracy for segmentation, script identification and character recognition using the bench-
marks datasets like IAM for Engligh documents etc. Keeping in view all the problems as
highlighted above, there is a dire need to review the approaches used at each phase of text
recognition for Indic and non Indic scripts in monolingual and multilingual texts. Future
research can be focus on designing an efficient bilingual handwritten text recognition system
with Indic and non Indic scripts. Further, to address the users of a particular public domain
like academic, the designed bilingual text recognition system will be trained correspond-
ing to the dataset. The research is focused on experimenting the latest approaches related to
deep learning and ensemble of machine learning for handwritten text recognition in bilingual

documents.
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1.8 Objectives

The objectives of this research work are as follows:

1. To study and analyze the work done in the area of monolingual as well as bilingual
recognition for Gurumukhi and English scripts including alphanumeric and special

characters.

2. To propose domain based bilingual handwriting recognition for Gurumukhi-English

script including alphanumeric and special characters.

3. To implement the proposed system in a usable form like a portal, an application, a

database or a corpus etc. for academic domain.

4. To test and validate the usability of the proposed system.

1.9 Contributions of the Thesis

In this research work, an attempt has been made to design a domain based bilingual handwrit-
ten recognition system for Gurumukhi-English script. A bilingual handwritten text recogni-
tion system has various phases like data collection, pre-processing, segmentation, feature
extraction, character recognition, etc. This thesis work covers each phase of text recogni-

tion. The contribution of this work is explained as hereunder:

1. A dataset from the academic domain has been collected to design a domain specific
bilingual handwritten text recognition system, A dataset from the academic domain has
been collected. The handwritten documents containing texts in English and Punjabi
languages with a large variation in handwriting have been considered for the purpose
of this research work. The contents of documents relate to the academic domain only.
Further, for composite character recognition, training dataset of composite characters
for Gurumukhi has been designed. The collected data has been pre-processed to bring

uniformity in the dataset.
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. New algorithms have been developed and implemented for segmentation of handwrit-

ten text at the line, word and character levels. The experiments have been conducted

on the collected dataset of documents from the academic domain.

. The traditional feature extraction approaches have been used with deep learning based

features. Different combinations of features have been evaluated for script identifica-

tion of characters.

. Script identification problem has been considered as a 5 class classification problem.

The pre-segmented handwritten characters from English and Gurumukhi have been
considered for the experimentation work. Further, to accelerate the process, transfer

learning has been used to classify the text into different scripts.

. Both the ensemble machine learning based approaches and traditional machine learn-

ing approaches have been used for classification of training data.

. Composite character recognition has been performed using a composite character

dataset for Gurumukhi ’aksharas’. A two level classification architecture has been
designed to classify the data with a large number of classes. Transfer learning based
pre-trained architectures like VGG19, and ResNet50 have led to improve the classifi-

cation accuracy.

. All the proposed algorithms have been tested and evaluated on the academic domain

dataset. A GUI corresponding to each sub process of text recognition has been pre-

pared.

. The proposed algorithms for segmentation are computationally less expensive as it

uses simple computer vision approaches without any need of training data or model to
segment the text. Further single algorithm is sufficient to segment the bilingual text

with curved, skewed or straight text.

. For script identification, proposed algorithms are performing at character level and

uses the transfer learning to utilize the power of deep learning for regional languages.
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For character recognition our algorithm is able to recognize the 365 classes using

pipeline parallelism with the help of transfer learning.

10. Our proposed algorithm for segmentation of bilingual text for Gurumukhi English
documents has line improvement of 12%, and word of 11%. For script identification
accuracy of 98% has been achieved as compared to traditional methods which was
94% using HOG. Although the time difference is huge. With the help of ensemble
approaches accuracy for traditional classifiers and feature extraction methods have
been improved. As it reaches 96% in 2638 seconds using voting based ensemble which

is more efficient in terms of time as compared to deep learning methods.

1.10 Organization of thesis

The rest of the thesis is structured as follows. Chapter 2 reviews the various techniques of
monolingual as well as multilingual text recognition for Indic and non Indic scripts. As text
recognition has various phases, the complete literature review has been conducted corre-
sponding to each phase. The latest research issues present for each phase of text recognition
have been highlighted. The role of deep learning, transfer learning, machine learning and
ensemble machine learning approaches for classification and feature extraction has been dis-
cussed in detail. The available benchmark datasets for monolingual as well as multilingual
text recognition has been summarized. For feature extraction, traditional and deep learning
based approaches are discussed. In chapter 3, the proposed framework has been presented
in detail. It consists of the complete architecture of proposed BHTRforAD along with layer
view in detail. The detailed architecture is presented for data collection and pre processing,
segmentation, script identification, character recognition and to generate a doc file from rec-
ognized characters.

Chapter 4 discusses the various design and implementation details including algorithms and
techniques. UML diagrams have been used to present the design details. It consists of struc-
tured and behavior modeling of the proposed framework. In structural modeling, the class
and component diagrams have been designed to present the static view of the framework.

Further to capture the dynamic view using behaviors modeling number of UML diagrams
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are considered like Usecase diagram, Sequence diagram, State chart diagram, Collaboration
diagram and Deployement diagram. This chapter also includes the implementation details
like experimental setups, datasets, algorithm designed, techniques proposed etc. It discusses
the algorithms designed for line, word and character segmentation. Further for script identi-
fication, the proposed approach has been described. Three OCRs designed corresponding to
scripts are discussed in detail.

The chapter 5 named test and result analysis is design to present the testing results of pro-
posed approaches. It consists the results of individual approaches as well as the testing results
of complete proposed framework. The results have been found for each proposed approach
corresponding to each phase. To evaluate the proposed approaches benchmark datasets like
IAM, MNIST etc. have been used. To test the proposed framework, text cases have been de-
signed and executed.The screenshots of the results of various text cases have been included
in the Chapter 5.

Finally Chapter 6 concludes the thesis and points out the scope of further research.



Chapter 2

Literature Review

This chapter reviews the previous studies conducted in the field of text recognition. A modest
attempt has been made to understand not only the basic concepts and issues of the present
study, but also to find the research gap in the area under investigation. This work combines

the research work of monolingual as well as multilingual recognition.

2.1 Monolingual and Bilingual HTR

This section provides an in depth analysis of the work done in the area of monolingual as

well as bilingual text recognition.

2.1.1 Data Collection

Data collection is the most time consuming sub process in text recognition system. A good
number of benchmark datasets are available for non-Indic scripts of monolingual text recog-
nition. Among the non Indic scripts, Latin script has a wide variety of corpora like UNIPEN,
CEDAR, IAM, IRONOFF, etc. UNIPEN provides a dataset for data collection of online
handwritten text recognition with a wide variety of annotation hierarchy. Similarly, for on-
line recognition, there is another dataset, i.e., UJIpenchars which includes 11000 samples
[48, 149]. Further IRONOFF is the dual dataset providing data for online as well as offline
text recognition. It includes the text written by French writers as words, characters and

digits [50]. Another corpus for online text recognition is CEDAR. It is helpful for word seg-

35
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mentation and recognition as it includes names, addresses, sentences, text lines and special
characters, etc. [S1]. For offline text recognition, IAM is the most popular corpus. It has
paragraphs, words, text lines and characters dataset for text recognition [52]]. For multilin-
gual text recognition, IBM-UB is the corpus for online as well as offline recognition of text
containing English and French languages [S3].

Chinese script has a large character set having around 6000 characters. For Chinese char-
acter recognition, CASIA-OLHWDB and SCUT-COUCH are the popular datasets. CASIA
includes various character categories, English letters, digits, etc. with various rotations [54].
The other SCUT dataset is a large vocabulary corpus including many other different datasets
covering all the traditional, frequently and daily used symbols and words [55]. Similarly, for
Japanese script, Kuchibue-d and Nakayosi-t are the popular datasets including many cate-
gories of Kanji, Hiragana, and KataKana [9]].

Another widely used script after Latin is Arabic which is used by many languages such as
Urdu, Farsi, and Arabic. For Arabic script, there are some popular datasets like QUWI,
ADAB, LMCA, Latters, KHATT, and MADCAT. ADAB is a online handwritten word
dataset which includes names of Tunisian towns and villages. Each word in dataset is prela-
beled using sequence of numeric character references [56]. Another Arabic dataset, i.e.,
ARABASE is a dual purpose dataset providing corpus for online as well as offline recogni-
tion. It is designed on the basis of city names, literal amounts and digits [S7]. Similarly, Re-
search Group on Intelligent Machines has designed another dual purpose dataset, viz LMCA
[S8]. For multilingual text recognition, in Arabic script, there is QUWI dataset consisting of
words from Arabic as well as English [59]].

For Indic scripts, the research in text recognition is still at the infancy stage. Hence the num-
ber of available datasets for Indic scripts are quite less as compared to non-Indic scripts. A
complete survey on various datasets for Indic scripts has been conducted by Hussain et al. for
offline text recognition [60]]. For online text recognition, Nethravathi et al. [61] and Singh et
al. [62] have designed corpora for Tamil, Gurumukhi and Kannada scripts. For Gurumukhi
script, the corpora is designed for word recognition considering application of map naviga-
tion, while for Kannada and Tamil, a wide variety of words, punctuation marks and symbols

have been used. For multilingual text recognition, another corpora named PHDIndic_11 has
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been designed for script identification [63]. It includes the page level dataset from 11 Indic

scripts. This dataset has various applications for word spotting, writer identification, doc-

ument image analysis and script identification, etc. Some of the researchers have designed

their own multilingual datasets for script identification such as Guha et al. [64] [65]. Table

2.1 highlights the available benchmark datasets corresponding to scripts.

Table 2.1: Benchmark datasets available for various scripts.

Dataset Script Text mode References Volume
KHATT Arabic Offline [66]] 4,000 paragraphs
MADCAT Arabic Offline [67] 40k handwritten pages
AHTID/MW Arabic Offline [68]] 3,710 text line images
IFN/ENIT Arabic Offline [69]] 32,492 images
CMATERdb Bangla and English ~ Offline [70] 18,000 words
IAM English Offline [52] 82,227 words
RIMES French Offline [71] 12,723 pages
MNIST Digits Offline [72] 70,000 images
HODA Persian Offline [[73]] more than 80,000 digits
MLT multilingual Offline [74] 20,000 images
Chars74k English and Kan- Offline [[75]] 74,000 images

nada

IRONOF French and English ~ Online and [76] 1,000 documents
offline

TAMIZHI Tamil Offline [777] 1 lakh and 92000

UNIPEN English Online [78]] 5 millon characters

CASIAOLH-  chinese Online and [54] 3.9 millon samples

DB offline

QUWI Arabic and English ~ Offline [159] 5,085 documents

PHDIndic_11 11 Indic scripts Offline [79] 1,458 documents
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2.1.2 Pre-processing

There are some unavoidable variations in the data acquisition process of text recognition like
noise, skew and slant etc. Thus, in order to remove such unwanted variations, pre-processing
step is mandatory to preserve the actual shape of character. It includes many sub tasks like
line removal, slant and skew correction, normalization, smoothing, and base line detection,
etc.

Due to certain mechanical issues during the scanning of documents, some unwanted data
enter the scanned image. It is named as noise emerged in image. There are many causes
for such noise like dust and moisture present on paper, mechanical problem in scanner, etc.
The early detection and removal of noise is mandatory for effective machine simulation of
handwritten text as it can cause the problems like image degradation, destruction of prime
features of image and inaccurate translation of image into ASCII characters, etc [80]]. Further
in document images, various types of noise are present such as salt and pepper, shadowing
noise, white line dropout noise, and salient noise. Morphological operations are the widely
used methods to remove some evident noises [81]. In morphological operations, the shape
and size of connected components are analyzed to find the noise present. It is helpful in
removing the noise present in handwritten words and characters. O’Gorman had designed
the Kfill algorithm to remove the salt and pepper noise [82] .

Some documents like bank cheques, postal address forms, receipts and payment slips, etc.
contain horizontal lines for the alignment of text written along horizontal axis. These hor-
izontal lines get overlapped with handwritten text and make difficult to recognize the text.
Hence, the detection and removal of such lines is a big problem in text recognition [[16]]. Di-
lation and erosion have been used by some researchers to remove such lines using threshold
based techniques. However, the dilation operation distorts the shape of character which is
unrecoverable even after the erosion operation. To avoid such loss, Yoo et al. have consid-
ered various junction points between the character and line crossing it. After line removal,
only these junction points are restored rather than the whole character [83]]. Similarly, block
adjacency graph, horizontal projection profiles, and horizontal black pixel runs etc. have

been used for line removal [[84), [85]].
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Another crucial step in pre-processing of text images is reference line detection. It further
helps in detecting the core region, height of word, and feature extraction of character sets
etc. [80]. The most common approach for reference line detection is horizontal density his-
togram which uses horizontal densities [17]. Vinciarelli et al. have used threshold based
Otsu methods to distinguish between reference lines and other lines [[14].

Core region detected using reference lines serves as the prerequisite for skew correction.
Cote et al. have used histograms in vertical direction to calculate the slope angle [86]. Sim-
ilarly, Winger Ville distributions have been employed by Kavallieratou et al. to find the
horizontal projection histograms [87]. Winger Ville distribution with maximum intensity is
selected for slope angle. Morita et al. have used morphological operations to find the pseudo
convex hull image. It results in minimal points which are used to draw the reference line
[88]. Most of the approaches for skew correction draw the reference line by fitting a straight
line through some points calculated based on projection profiles. These approaches are not
applicable for text with noise, and many acsenders and decenders create problem to draw
a reference line. Blumenstein et al. have divided the word image into two equal parts and
founds the slope angle for each part individually [85]]. To get efficient results, they have elim-
inated the ascenders and decenders of word which needs high computation cost. Rehman et
al. considered structural features of text to find the slope angle [16]]. Vinciarelli et al. have
used cost function to detect the presence of slope in the text [14]. For slant correction, ver-
tical strokes have been used to calculate the projection profiles. Many recognition models
have used a fixed size of input, for which the scaling of text written is performed. Table

presents the state-of-the-art preprocessing techniques used by researchers.

Table 2.2: Pre-processing approaches for text recognition.

Type Script Text mode Methodology References

Baseline detection Arabic Offline Horizontal pixel den- [89]

sity

Continued on next page
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Table 2.2 — continued from previous page

Type Script Text mode Methodology References
Reference line detec- Arabic Offline 40k handwritten pages  [67]
tion
Skew and slant correc- Latin Offline Projection profiles, [12]
tion Mathematical for-

mulation, Connected
component  analysis,
principle  component
analysis
Normalization Script inde- Online Size normalization [90,
pendent 91,
92]
Line removal Latin Offline Morphological shape [12,
analysis, Mathematical 85,
morphology, Fore- 93]
ground pixels analysis
Binarization Script inde-  Offline Thresholding [94,
pendent 95,
96]

2.1.3 Segmentation

Segmentation is a crucial process in any text recognition system. It is performed at four major

components of the document i.e. page level, word, line, and character level. A good number

of algorithms are available for page and line level segmentation independent to script. Eske-

nazi et al., have performed a survey on segmentation algorithms for document images [97]].

For character level, Saba et al., have presented a complete survey on the available algorithms

for segmentation of touching characters [98]]. Similarly, another survey has been conducted

by Ribas for segmentation of handwritten digits [99]. The available segmentation techniques



Chapter 2 Literature Review 41

are divided into three categories. The research work done corresponding to each category is

explained as below:

1. Dissection based Approaches : The classical approaches consider projection pro-
files, bounding box analysis, and connected component analysis for segmentation of
text. Projection profiles are the highly used approaches for segmentation of text lines.
Sansam et al., have used the horizontal projection profiles along with gap trailing al-
gorithm for segmentation of text lines in unconstrained handwritten text of Meietei
Mayek. The proposed algorithm is able to segment the text with curved, skewed and
closed lines. The gap trailing algorithm detects the mid-point between the two lines
based on the projection profiles. Line and word segmentation goes simultaneously us-
ing vertical projection profiles for word segmentation [100]. The other work proposed
by Vuvckovic et al. has also used the projection profiles to segment machine typed and
printed characters along with spatial features of characters [101]]. Projection profile
methods are threshold dependent which vary corresponding to script, text area, type of
text, etc. Hence, Ptak et al., have used variable threshold based on density distributions
calculated using horizontal projection profiles [102]]. Water flow based approaches are
the most common approaches for text segmentation. Basu et al., have used water flow
methods to segment text written in Bengali [103]. Morphological operations are also
used along with projection profiles for text line extraction in handwritten documents.
It helps in extracting the candidate features of text line which helps in finding the re-
quired text area for segmentation by histograms [104]]. Jindal et al., have performed
the segmentation of horizontally overlapped printed text. The proposed algorithm di-
vides the text lines into horizontal stripes. The stripes with smaller size than defined

threshold are merged to reconstruct the broken characters [103]].

2. Recognition based Approaches: These approaches use classifier to segment text with
the help of features extracted from text. Susan et al., have used template matching for
the segmentation of text area. Further, using adaptive threshold for image enhance-

ment, 11 different kinds of texture features have bee computed. The distance between
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texture and template features is used to separate the textual and non textual data. The
researchers have considered five different kinds of datasets to evaluate the proposed
approach [106]. Further, Sun et al., have used contour information with template
matching to segment the printed multi-font Arabic text. They have used Cany edge
detector to extract the contours of words and sub words. Template matching based on
Freemain chain coding has been used to segment the descender characters [[107]. Ruy
et al., have considered the inter and intra word gap as a binary quadratic assignment
problem. The connected components have been used to find the super pixel repre-
sentations. Further, SVM classier has been used to perform structure learning, [108].
Hough transformations are also used for segmentation of text lines with the help of
some post-processing rules. Further, to segment the words, Gaussian mixture model
have been used which measure the inter and intra word gap [109, [110]. Similarly, to
segment the curved and closed text lines, density estimation of each pixel have been
considered [[111]]. Sharma et al., considered various features of text like header line, as-
pect ratio, etc. to solve the problem of under and over segmentation of Gurumukhi text
[112]. Jo et al., have used CNN for the segmentation of mixed documents containing

handwritten and printed text [113].

3. Holistic Approaches: These approaches are the combination of classical and recog-

nition based approaches. Olszewska et al., have used contour extraction method and
template matching method for segmentation. In first stage the active contours have
been used for character extraction. Further, these extracted characters are recognized
using template matching method to validate the segmentation of characters [[114]. Sim-
ilarly, Jung et al., have combined the heauristic and holistic methods to segment the

touching characters [1135]].

Table [2.3] presents the comparative analysis of various segmentation approaches used in text

recognition.
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2.1.4 Feature Extraction

Initially, there were only two major categories of feature extraction approaches available
for any text recognition task, i.e., statistical and structural features. These are also called
the handcrafted feature extraction methods. The invention of deep neural networks has in-
troduced one more category, i.e., non handcrafted features or deep learning features. This
section performs an in-depth analysis of the work done in the field of feature extraction in
text recognition for traditional as well as deep learning based features. Table[2.4] presents the
comparative analysis of various feature extraction approaches corresponding for text recog-
nition. The work done under various categories of features for text recognition has been

explained as below:

1. Statistical features: Statistical methods of feature extraction include zoning, Zernike
moments, geometric moments, Fourier descriptors, unitary image transformer, projec-
tion profiles, crossing and distance etc. based approaches. Further, gradient, wavelet,
pixel distance, and convex hull based features are also identified to design sophisticated
feature set for complex patterns. Kacem et al., have proposed texture based features
for script identification. A run length matrix is defined as the number of runs having
pixels of gray level i and run length j for image /(7,j). A number of texture features can
be extracted using run length matrix. They have used black run length matrix to design
the features. Four variants of Black Run Length (BRL) features have been considered,
i.e., simple BRL, restricted BRL, BRL statistics and combination of restricted and
statistics [126]. Similarly, Brodic et al., have explored the texture features for script
identification in Germen historical documents [[127]]. Another form of texture features,
1.e., Non Sub Samples Contourlet Transform (NSCT) are used for script identification.
NSCT has the properties of shift in variance and similar size of sub image and original
image which help in preserving the original image information [[128]]. The transforma-
tion based features are rotation invariant. It includes Gabor filters, gradients, GLCM,
wavelet, etc. Wavelet, curvlet, and ridgelet transformation have been used in feature
extraction for multilingual recognition. Simple wavelet transforms are unable to fetch

the edge representations of characters. Hence, multi direction transformations have
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been used [[129]. Gabor features are based on Gabor filters which are the sinusodial
functions. These functions capture the features of image with various orientations and
frequencies. Gradient based features convert the pixel representation of an image to
gradient based representation. Hence, they are invariant to local geometric transforma-
tions. Two different kinds of Gradient based features have been computed for character
recognition of offline Gurumukhi, i.e., decomposed gradient and non decomposed gra-
dient vector [130]]. Jamil et al., have used GLCM based features for multilingual text
extraction from video images. Contrast, energy, correlation, homogenity and entropy
have been calculated for each GLCM. These features are used to differentiate between
the textured and non textured area. Further for script identification texture features
like local binary patterns have been used [[131]. Gabor filter based Modified log Ga-
bor filters have been employed by Singh et al., to evaluate the dataset designed for
bilingual text recognition[[132]]. Rani et al., have also used Gabor and Gradient based
feature for script identification in Gurumukhi text [133]. Further, Kumar et al., have
used zoning, horizontal peak distance and diagonal for multilingual script identifica-
tion [134]. Cosine and wavelet transformation have been used by Pandey et al., for

script identification in Hindi, Urdu and Gurumukhi [[135].

. Structural features: Structural features include crossing points, edges, lines, loops, as-

pect ratio, branch points, contours, and curves, etc. Such features use the geometrical
attributes of smaller components to describe the pattern. Verma et al., have considered
the contour information along with other properties of text like ascenders and descen-
ders count, initial and ending points for feature extraction [[136]. Jaeger et al., have
extracted many structural features like curvature, vertical position, writing direction,
pen up and down, slope, ascender, desender etc. for online text recognition [9]. Kumar
et al., have designed two new structural features, i.e., parabola curve fitting and power
curve fitting based for Gurumukhi offline text recognition. These methods divide the
image into equal number of zones, and fit a parabola and power curve using least
square methods [[137]]. Sahare et al., have proposed three new geometrical shape based
structural features for segmentation of multilingual document images [138]. Water

reservoir based structural features are widely used for the segmentation of text written
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in document images. Roy et al., have considered two types of reservoirs for extraction
of date field in multilingual documents. These features are helpful in extracting the

background and foreground information of pixels[139].

3. Combination of features: Das et al., have explored the combination of two well known
statistical and topological features, i.e., PCA and Quad tree longest run (QTLR) fea-
tures. QTLR sometimes, fails to detect the global statistical information. Hence, this
combination of PCA-QTLR efficiently recognizes the handwritten numerals [140].
Similarly, Khandju et al., have proposed a hybrid feature extraction approach for text
recognition in Devanagari script. They have extracted the structural features of text
like loops, number of end points, and intersection points. Further, the character image
has been divided into zones and a quadratic curve model has been fitted on each zone
to construct a feature vector [[141]. Shivakumara et al., have combined Gradient based
spatial and structural features for script identification in video frames[142]. Singh
et al., have designed a heterogeneous classifier by combining two types of features,
1.e., shape based and texture based features. The features extracted are HOG, elliptical
based, and Gabor filters for script identification. Kumar et al, have combined structural

and statistical features for text recognition in Gurumukhi [[143]].

4. Deep learning features: Du et al. have used deep learning based CNN features for
writer adaptation in online Chinese text recognition. Further, a prototype based classi-
fier has been used to classify the deep features [144]. Sarkhel et al., have modified the
CNN architecture for recognition of isolated handwritten characters. A multi column
and multi scale CNN has been designed. It uses individually three columns and three
levels for feature extraction. The final output is the combination of all the columns.
Different CNN architectures have been used at each level of each column [145]]. Bhu-
nia et al., have used CNN LSTM to employ the attention mechanism for script iden-
tification. It has resulted in the most relevant features of an image using attention
mechanism. CNN has been used for the local feature extraction using most significant

weights, while global features have been extracted using last layer of LSTM [39].
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Further, Ahmed et al., have used BLSTM based features for sequence learning in cur-
sive handwritten texts [38]]. For context modeling in text recognition, Chherawala et
al., have considered BLSTM based features to train the context at feature level. Two
traditional features, i.e., direction distribution and distribution have been employed

along with BLSTM to provide context information [[157].

2.1.5 Script Identification

Script identification approaches are categorized into two categories: appearance based ap-
proaches and structure based approaches. The selection of script identification method under
these approaches highly depends upon the text component of document considered for script
identification as script identification is performed at various levels like page, paragraph, line,
word and character level. The first extensive research in script identification was made in
1994 by Spitz [[158]]. After its success, Ghosh and Ubul conducted two comprehensive sur-
veys for script identification [7, 8]]. Most of the research in script identification was devoted
to Indic scripts due to the presence of a large number of scripts and languages in India.
Therefore, a survey for script identification in Indian scripts was done by [[159]. The various

script identification methods proposed by researcher have been discussed as follows:

1. Script identification in Handwritten documents: Script identification in handwrit-
ten documents is more challenging than printed one because the writing style varies
largely with age, mood and gender of the writers. It creates a large number of shapes
for a single shape of character which creates a problem for similar shaped charac-
ters. Hochberge et al., have considered the various features of document like standard
deviation, mean, aspect ratio, number of holes, and vertical centroid of connected
components for script identification. These features are classified using Fisher Linear
Discriminators classifier [? ]. Another work of script identification at text block level
is done by Ghosh et al., using probabilistic approach for cluster analysis [160]. Water
reservoir and fractal based features along with neural networks are highly used ap-
proaches for script identification of Bangla, English, Roman and Devanagari in Indian

post documents at word level [161} 162} [163]]. Fractal features use fractal signature
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which is calculated from the area mapped by gray level function to the document im-
age. Many other researchers like Roy et al have also considered fractal dimension of
text for script identification at word level in Indic scripts [[164, [165]]. Dhandra et al.,
have used two step process for script identification of numerals and words. Local and
global features have been used to identify the words of Roman, Kannada, Devanagari
scripts [166]]. Pal et al., have explored script identification at the character level for
numerals of six Indic scripts using modified quadratic classifier [[167]. Razzak et al.,

have used Fuzzy rules to identify the numerals of Urdu and Arabic script [[168]].

. Script identification in Printed documents: A good amount of studies have been con-

ducted for script identification in printed documents. For printed documents, most of
the work has been done for page level script identification. Spitz et al., have done a
great work for script identification at the text line level using character optical den-
sity, vertical distributions of upward concavities in characters 169, [170]. Further, the
researchers have used clustering for script identification of 26 languages[158]]. Projec-
tion profiles have been used To classify the languages. Ding et al., have used statistical
features for script classification of European and Oriental scripts [171]]. Gabor filters
and GLCMs have also been used by [172]. To reduce the computational cost of Gabor
filters, steerable gabor filters have been considered for script identification [155]. Sim-
ilarly, Waked et al., have used bounding box analysis, character density distributions
and horizontal projections. The results have proved that statistical features are more
robust as compared to structural features [173]. Hochberg et al., have used template
based clustering for script identification [[174]. They have designed the template for
textual symbols extracted from documents. Further, Hamming distance has been used
between the template and textual symbols. Morphological operations are also used for
feature extraction of scripts using erosion dilation along with nearest neighbor classi-
fier. Chaudhury et al., have used Fourier transformation along with horizontal projec-
tion profiles for script identification of text blocks [[175]. FFNNs have been employed
along with morphological operations for script identification of Latin, Devanagari and
Kannada scripts [[176, [177]]. Pal and Chaudhury have considered script specific char-

acteristics like presence of principal strokes, characters having more than four vertical
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runs, water reservoir based features in text lines [[178]]. Script identification at the word
level is quite challenging due to the limited area of information available. Lee et al.,
have used Self organizing maps which identify the script of each individual character
[179]. Ablavsky et al., have used connected components analysis based on geometric
properties like compactness for shape description and Cartesian moments [180]. For
Indic scripts, the bilingual recognition system designed by Jawahar et al., detects the
presence and absence of shirorekha for script identification [[181]]. To evaluate the re-
sults, further contextual information has been used. The results of script identification
at the character level can be combined for word level script identification using Viterbi

algorithm [[182].

3. Script identification in hybrid documents: Hybrid documents consist of printed and
handwritten text. The major applications of such processes are bank cheques, postal
form, passport forms etc. Moussa et al., have proposed an approach for script identi-
fication in hybrid documents containing Arabic and Latin texts [183]. Kanoun et al.,
have used morphological operations and geometric analysis to differentiate the scripts
at text block, line and connected component level in hybrid documents [[184]. Benjelil
et al., have considered steerable pyramid transform for script identification at word
level [185)]. Another work by Saidani et al., has considered the structural features to

identify the scripts at the word level for Arabic and Latin [186] .

4. Script Identification in Video Frames and Camera based Images: Apart from doc-
ument analysis, another recent trend for script identification is for text recognition in
video frames. It helps in indexing and retrieval of images and videos. Text recognition
in images and videos at international level has great significance for tourism applica-
tions. The recognition of such multilingual text needs script identification along with
many sub processes like text detection, localization, segmentation and binarization.
The researchers in their work have proposed an approach which first localizes the text
in image or video and extracts the low level features like edge pixel density, energy
and Cartesian moment of edge pixel etc [187]. Script recognition in video frames

and scene images is difficult as it suffers from complex conditions like low resolution,
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noise, orientation, complex background, orientation problems etc. Zhao et al., have
used spatial gradient based features for script identification [188]. Phanet et al., have
used two features called smoothness and cursiveness for script identification in video
frames [[189]. Sharma et al., have used Zernike moments and Gabor gradients along
with SVM for script identification at the word level [190]]. In yet another work texture
features like GLCM, LBP etc. have been used which help in identifying the script for

images with low resolution, noise and complex background [[191]].

. Script identification in online text recognition: The advances in pen computing de-

vices have raised the need for many online document recognition systems. In general,
the approaches available for script identification in offline data are not applicable for
online text. Hence, an online script recognizer is needed for online text recognizer.
Lesser work has been found for online script identification as compared to offline
script identification. Lee et al., have used HMM recognizer to recognize the entire
character set consisting of characters from more than one scripts for online text. The
basic characters of language and intermixed language characters are modeled by con-
structing the hierarchical HMMs. During recognition, Viterbi algorithm has been used
to find the optimal path. This helps in finding any combination of basic language
characters [192]. Another prominent feature used in online script recognition is the
writing direction. Temporal sequence of strokes available in online writing is helpful
to find the writing direction of text. As some scripts like Devanagari, Gurumukhi and
Latin etc. use left to right direction while some other scripts like Arabic and Hebrew
use writing style from right to left. Namboodri and Jain have proposed nine features
for script identification in online text such as average stroke length, horizontal inter
stroke direction, shirorekha confidence, stroke density, aspect ratio, reverse direction,
average horizontal stroke direction, and average vertical stroke direction. Further, in
their extended work, they have considered two more features like vertical inter stroke

direction and variance of stroke length [193]].
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Another work has used the Fuzzy Online Handwriting Description Language to de-
scribe the character features. It uses fuzzy values for each character in terms of fuzzy
rules [200]. Table presents the comparative analysis of state-of-the-art in script

identification.

2.1.6 Classification

Classification is the crucial step for any machine learning based tasks. Based upon the fea-
tures extracted from previous steps or using automatic feature extraction capabilities, classi-
fier assigns the highly possible class to the data from set of classes. In this work, the classi-
fication techniques have been reviewed under two categories, viz. shallow architectures, and

deep learning based architectures as follows:

1. Shallow architectures based classifiers: All the traditional machine learning based
classifiers like HMM, SVM, MLP, and KNN etc. appear under shallow architectures.
Such classifiers use single layer of non linear feature transformation to map raw input
to the problem specific feature space. These methods require handcrafted features to
perform the classification task. During the span of 2001 to 2010, HMMs were the
widely adopted classifiers to model the input data for text recognition. The sequence
modeling capability of HMM networks makes it suitable for the online text recognition
task. Many researchers have adopted HMM for monolingual as well as multilingual
text recognition. Apart from text recognition HMM has been used for keyword spot-
ting in handwritten documents by Thomos et al. [201]. However Roy et al. have
considered HMM for word recognition after zone identification during segmentation.
They have recognized the middle zone characters after segmentation using Viterbi
force. Pyramid HOG based features have been used for recognition [202]]. Simple
HMM models are efficient to recognize the one dimensional features. For multi di-
mensional features or bi dimensional signals the solution proposed by researchers is
to combine the multiple classifiers. Jayech et al., have proposed multi stream HMM
to model the statistical and structural features for segmentation free Arabic text recog-
nition. These features are spread over the rows and columns, hence multidimensional

HMM models are used [203]]. Another variant of HMM models, i.e., Bernoulli HMM
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is used for offline word recognition. It bypasses the feature extraction process by di-
rectly passing the columns of raw image pixels to Bernoulli HMMs [204]. Ghods et
al., have used the fusion of semi continues HMM classifiers for online text recognition
in Farsi [205]. SVM is the other widely used classifier from shallow classifiers for
text recognition tasks. It uses various types of kernels based upon the kind of data
used for classification. Sampath et al., have designed a multi kernel spherical SVM
based on fuzzy. It uses fuzzy triangular membership function to design a multi ker-
nel function [206]. Simistira et al., have used SVM for recognition of mathematical
formulas written in online mode. They have considered probabilistic SVMs to repre-
sent the spatial relation between mathematical functions. Further, stochastic context
free grammar has been adopted for the compliance of recognition results [207]. SVM
with Polynomial kernel has been used for the recognition of Persian handwritten digits
along with adaptive feature framing approach [208]. Niu et al., have combined CNN
with SVM for recognition of handwritten digits. CNN performs automatic feature ex-
traction while SVM is used for classification [209]. Similarly, Omar N. Al-Boeridi
et al., have designed hybrid classifier using ANN and SVM for the recognition of
Roman words [210]]. Another simplest shallow architecture is KNN. The major modi-
fications proposed by many researchers for KNN classifiers are based on the distance
measure used in KNN. Prasad et al., have used weighted KNN classifier which uses
x? distance measure for Gujarati character recognition [211]]. Porwik et al., have used
KNN method for signature recognition [212]. Yamashita et al., have proposed various
kinds of distance measures in KNN like global affine transformation and global projec-
tion transformations based [213]]. Sternby et al., have used template matching for the
recognition of online handwritten text of Arabic script [30]. Template based systems
are considered robust under conditions of limited training data. It is easy to handle the
manual conflicts due to explicit modeling of reference structure or template. Bag et
al., have proposed template matching based approach for compound character recog-
nition of Bangla script. It decomposes the Bangla characters into appropriate stroke
segments using some rules and further uses template matching to extract the convex

shape primitives[214].
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2. Deep architectures based classifiers: The strength of deep architectures lies in their
capability of extracting features automatically. Roy et al., have performed the layer
wise training of deep neural network for recognition of Bangla compound characters.
To provide better training and faster convergence RMSprop optimizer has been used.
The layer wise training uses the supervised learning concept which incrementally adds
and trains convolution and pooling layers [36]. For text recognition in scene images,
the segmentation of touching characters is a challenging task. Su et al., have used RNN
based LSTM networks for segmentation free word recognition in scene images. Ini-
tially, it generates the sequential signals from word images and trains multiple RNNs
using these signals [120]]. Deep neural networks demand high computational cost and
large number of hyper parameters to generate state-of-the-art results which restrict its
usage for portable devices. Xiao et al., have solved this issue for Chinese handwritten
character recognition by introducing two new techniques, i.e., Adaptive Drop-weight
and Global supervised Low rank expansion. The proposed algorithm reduces the size
of nine layer Deep CNN by 1+ 18 of the original size and computation cost by 19
[215]. Zhang et al., have used CNN for the discovery of similar Chinese characters
in online handwritten text. It helps in identifying the miss classified character pairs
[216]. Naz et al., have used multi dimensional RNN for script identification of Urdu-
Nastaliq text. They have used sliding window for extraction of statistical features on
lines of text and CTC based RNN for labeling the character sequence [217]. Further,
Lai et al., have proposed Drop Distortion based training strategy to train DCNN for
online Chinese character recognition. It helps in lowering the character distortion dur-
ing training of CNN. Further, path signature is used for feature extraction along with

spatial stochastic max pooling layer based on fractional max pooling [218].

3. Ensemble based machine learning classifiers: Ensemble of classifiers is designed
by combining the complementary nature of different classifiers which eliminates the
weakness of individual classifiers and considers their strength. There are mainly two
categories of ensemble machine learning classifiers, i.e., classifier selection and clas-
sifier fusion. Classifier selection selects the best performing classifier from the set of

classifiers. The best example of this is cross validation. On the other hand, classifier
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fusion performs fusion on the combined output of individual classifier to result the
final decision. The prime examples of this are Majority voting, Neural Network, and
Dempster shafer theory, etc. Singh et al., have used ensemble classier with MLP as
base classifiers for the recognition of handwritten Devanagari numerals. Feature selec-
tion has been performed using information theory measures, while Voting, Dempster
shafer, Bayes, and decision template have been used for classifier combination [219].
Similarly, Singh et al., have used correlation based classifier combination [220]. Sal-
imi et al., have proposed a new classifier combination technique named reliable multi
phase PSO. Singular value decomposition based algorithms have been used to design
the base classifiers. The significance of proposed approach lies in its independence to
training set size [221]]. Oliveira et al., have proposed feature selection based ensem-
ble approach for text recognition. The method first selects the features and generates
the classifiers corresponding to feature sets. After this, the best team of classifiers
and features is selected. The proposed approach shows great improvement in error
rate compared to classic methods of ensemble approaches like bagging and boosting
[222]. Kessentini et al., have used Dempster shafer theory to design ensemble clas-
sifier for writer identification problem. Three base classifier based on SVM has been
designed using three different features, i.e., edge hinge with fragment length 6 and
7, run length based features [223]. Elanwar et al. have used ensemble of classifiers
to convert the raster images of documents containing text or graphics into machine
accessible format. Ensemble of SVM based classifiers has outperformed in classify-
ing the document image patches as compared to traditional methods like RLSA and
RDI-CleverPage [224]]. Dempster shafer based classifier combination strategy pro-
vides robust and accurate classifiers generated from incomplete, biased and imprecise
information sources. Kessentini et al., have used DST for ensembling of HMM based
classifiers for word recognition along with post processing module based on a set of
various decision strategies. Further, to handle the rejected samples, multi stream HMM
has been proposed [225]]. De Stefano et al., have proposed Bayesian network based
classifier combination approach for handwritten recognition. It considers ensemble of

classifiers as a pattern recognition problem where each feature set corresponding to
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input pattern uses classifier to output the class. Bayesian network uses the probability
distribution for final classification [226]. Bertolami et al. have used bagging, language
models and random feature space for ensemble creation for text line recognition. The
final combination for the word sequences is generated by using the voting based strat-
egy on individual classifier’s results [227]. Masoudnia et al., have solved the signature
verification problem using ensemble of CNNs based on multiple losses considered.
The use of various loss function helps in learning the diverse representation of input
pattern [228]]. Li et al., have used boosting based ensemble for person re identification

task [229].

4. Transfer learning based classifier: Pramanik et al., have considered segmentation free
recognition of handwritten Bangla city names. They have used five traditional features
with traditional classifiers for recognition. Further, five different deep architectures
have been used for transfer learning. A comparison of transfer learning based and
a seven layer FCNN has been used [46]. Similarly Bonyani et al., have used transfer
learning based architectures for Persian digits recognition using ResNet50 and VGG16
[73]. Balah et al., have solved the Arabic handwritten character recognition using pre-

trained CNN models i.e. VGG16, VGG19, MobileNetV?2 [230].

Table [2.6] and [2.7] performs comparative analysis of various deep learning and traditional

feature extraction approaches used in literature for text recognition.
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2.1.7 Post-processing

This section highlights the work done in the area of post processing for text recognition.
There are mainly three types of errors for the results generated by recognition models. To
solve the non word errors, n gram models based on Markov chains are mostly common used.
The other type of errors are handled by using some linguistic data and statistical language
models. Post processing phase provides a confidence measure to improve the recognition
results of classifiers. There are mainly four key factors which affects the post processing re-
sults, i.e., lexicon size, searching strategy, statistical language models, and confidence mea-
sure. Li et al. have analyzed the seven language models based on perplexity measures. To
measure the candidate confidence, many approaches like maximum posterior probability, lo-
gistic regression, and adaptive confidence transform have been used [42]. Sometime, the
large lexicon size used in post processing results in increased recognition time. Carbonnel et
al., have solved it by proposing a lexicon reduction approach and new edit distance to search
the word in lexicon [238]]. Farooq et al., have used topic categorization method to reduce the
lexicon size in post processing [239].

Apart from traditional approaches the latest trend in post processing is the use of deep learn-
ing based language models. The sequence modeling capability of LSTM and BLSTM is
highly useful in post processing the cursive and sequential text recognition. It results in Lex-
icon free post processing. Wang et al. have used RNN as sequence modeling approach
for scene text recognition [240]. Naz et al. have used LSTM for labeling of character
sequences[241].

Table 2.8 conducts comparative analysis of various post processing approaches used in text

recognition.
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2.2 Challenges in Monolingual and Bilingual Handwritten
text recognition

From the above sections,it seems that a lot of work has been done in text recognition. How-
ever, the efficient text recognition systems for regional especially Indic scripts is still lacking
from the state-of-the-art work. Moreover there are many areas where text recognition is not
explored yet. Some research issues have been identified during literature survey of handwrit-
ten text recognition at each phase. This section highlights the major issues to be resolved at

each phase of handwritten text recognition.

2.2.1 Data collection

There are a good number of benchmark corpora available for monolingual text recognition
while for multilingual text recognition there is a wide space of research. It is a challenging
task to collect the dataset for multilingual text recognition with large variations of samples
corresponding to each script character set. Some of the major issues related to dataset for

test recognition are as follows:

1. There is an urgent need to developing the benchmark corpora for Indic scripts. Most

of the corpora available are for Latin and Arabic scripts.

2. Data annotation process for data creation should be standardized in terms of writer’s

name, age, profession, and gender etc.

3. Each domain has a different category of users. Hence, domain specific datasets are
more needed for real time tasks of CR. The collection of such ground truth data is

really a challenging task.

4. For real world applications like forensic analysis and document analysis, the evalua-

tion constraint of dataset should be designed based on their usage.
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5. There is a need to provide a common platform for the evaluation of all the benchmark

datasets.

2.2.2 Pre-processing

Pre processing step plays a vital role in preparing the dataset needed for subsequent phases
of text recognition. It provides ready to use data for segmentation, feature extraction and
classification phases. The major challenges faced during pre-processing of text are as fol-

lows:

1. The solution provided by many researchers for slant and skew correction is compu-
tationally expensive. The approaches used to find the error angle requires a lot of

parameter optimization.

2. The pre-processing approaches based on projection profiles used for distinguishing

between straight segments and scattered dots are not successful.

3. For many scripts which have header line present, pre-processing is a challenging task.
As header line adds complexities due to its multipart nature and shape similarity with

other strokes etc.

4. In online text recognition, some scripts have delayed strokes like in Arabic and In-
dic. It requires reordering of strokes in the pre-processing phase using some reference

numbers or zone identification of strokes etc.

2.2.3 Segmentation

From the literature survey, it can be concluded that touching and horizontally overlapped text
results in higher segmentation rates. There are number of issues which need to be tackled

for accurate segmentation of text. These are explained as follows:

1. Lesser amount of work is found to segment the textual and non textual data in docu-

ment images. Further more algorithms are needed for segmentation of online text.
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2. There is a need to create corpora with diverse training data including various kinds of
documents with curved, skewed and touching text. Because in review, a large differ-

ence has been found between the training and testing sets.

3. The evaluation criteria for proposed segmentation algorithms should be based on num-

ber of mixed, over and bad segmentation.

4. Sometimes the similar algorithm generates different results corresponding to the same
corpus. Hence, there is a need for stable algorithms based on deep learning and statis-

tical approaches.

5. The linguistic information should be considered to segment the touching data in multi
sized and multi oriented text. The post processing based on linguistic information

would be helpful in identifying the touching characters.

6. There is a need of some variable threshold based projection profile methods to segment
the slanted and skewed text. The algorithm should be designed by keeping in mind the

segmentation rate and algorithm complexity.

2.2.4 Feature Extraction

The traditional local and global features available during 90s are not efficient to distinguish
between similar characters in multilingual text. Further, to recognize the text in complex
patterns more efficient feature extraction approaches are needed . Deep learning is the new
tradition for feature extraction which is successful also. To improve the feature extraction

process, some issues which need to be resolved have been identified as below:

1. Feature vector should be constructed in such a way that it results in minimum within

class variability and maximum between class variability.

2. Features identified should be independent to font and size of text, robust and rotation

invariant.

3. To design a robust feature vector for multilingual text, some script specific information

should be included. It includes compound characters, presence or absence of header
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line and modifiers etc.
4. Some more approaches for feature selection and evaluation should be explored.

5. Ensemble of features using various combination of features should be used for multi-

lingual text recognition.

6. Some domain specific features need to be extracted to design domain specific text

recognition system.

2.2.5 Script identification

Many scripts have almost similar character set which makes script identification a difficult
task. Deep learning based approaches have made it somewhat easier. Although there are still

many unresolved issues are present such as:

1. In multilingual text, similarities and dissimilarities exist between classes and within
classes. To capture such complex patterns a single feature set and classifier is not

sufficient.

2. However, less work has been reported for script recognition in handwritten text for
Indic scripts at character level. There are some words consisting of characters from

different scripts. Hence, script identification at character level is needed.

3. Moreover, feature extraction at the word, page and line level is difficult and time con-

suming as compared to feature extraction at the character level.

2.2.6 Character recognition

There are number of classifiers present for classification tasks especially for text recognition.
However this area requires consistent research efforts to make the classifiers accurate and
efficient. From the literature we have found some challenges for classification or recognition

of text such as:
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1. From shallow architectures, template matching systems are noise sensitive while sta-
tistical methods like SVM, and HMM, etc. fails to identify the similar data between

classes.

2. Template matching and DTW methods based on structural mapping are computation-

ally expensive. The use of probabilistic models can improve the computational cost.

3. Structural recognition models are slow while statistical models have high speed due
to the presence of high dimensional feature set. However, statistical models have high

memory requirements.

4. An efficient combination strategy is required to combine the statistical and structural

recognition models.

5. Deep learning based models suffers from the issue of vanishing gradient problem dur-
ing learning of weights. Many researchers have solved the problem, but still much

improvement is needed.

6. The optimization of hyper parameters is a major obstacle in the use of deep archi-
tectures. A vast room exist in research to find the optimization approaches for deep

networks.

7. The high computational cost required for training of deep architectures should be im-

proved with the help of some parallel algorithms.

2.2.7 Post-processing

Post processing has great significance in text recognition process as it ranks the results of
classifier based on some confidence measures. This sections identifies the research issue for

post processing of text recognized during recognition process.

1. The various confidence measures available performs almost in a similar manner.

Hence, the selection of a particular confidence measure is a crucial task.
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2. The lexicon size highly affects the speed and accuracy of recognition process. Large
size will demand high memory and time for searching, while small size misses the

recognition for common patterns.

3. Dynamic dictionaries are needed to handle words which do not belong to vocabulary.

RNN models have performed well in recognizing such data.

4. Language models along with expert classifiers are needed to process confusing sym-

bols.



Chapter 3

Proposed System: Bilingual HTR for
Academic Domain (BHTRforAD)

This chapter presents the system of proposed bilingual HTR for Academic domain using text
from Gurumukhi and Latin scripts. The architecture of BHTRforAD has been discussed in

the following sections:

3.1 Architecture of BHTRforAD Framework

The researchers in the past used only the traditional machine learning approaches in the area
of bilingual text recognition for Gurumukhi-Latin scripts. The proposed architecture is the
first of its kind which recognizes Punjabi-English text along with numeric and special char-
acters for academic domain data. This proposed system includes many sub processes of text
recognition like segmentation, feature extraction, script identification, character recognition
and generating the doc file of recognized text. It has combined deep learning and machine

learning based approaches for feature extraction and classification processes.

3.1.1 Layered View

The architecture of BHTRforAD has been divided into four layers. Table summarizes

the modules and sub processes accumulated at each layer.

85
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Table 3.1: Layers of BHTRforAD System.

Layers Modules Sub Modules Processes
Layer 1 Data collection Data pre-processing, Class la- binarization, normalization,
beling and balancing labeling, resizing
Layer 2 Segmentation Line segmentation, Word seg- Touching line segmentation,
mentation, Character Seg- intra word gap segmentation,
mentation composite character segmen-
tation
Layer 3 Processing of Feature extraction, classifica- Script identification, Guru-
segmented data tion mukhi composite character
recognition, English char-
acter recognition, Alphanu-
meric and special character
recognition
Layer 4 Reporting ~ Re- Constructing words from rec- Generating the doc file corre-
sults ognized characters sponding to recognized data

All the four layers, as mentioned in the Table @ given above, have been described as

follows:

1. Layer 1: This layer is responsible for data collection and pre-processing of data. Aca-

demic domain data has been collected in the form of handwritten documents. Further,

the segmented text from documents is pre-processed to feed into recognition modules.

Pre-processing module includes the binarization and labeling of data corresponding to

classes.

2. Layer 2: It includes the segmentation of handwritten documents into sub parts like

lines, words and characters. Documents may contain curved, skewed, and touching

lines etc. Line segmentation module segments such lines; and further word segmen-

tation is performed to get the individual words. The classifier takes the individual
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characters for classification. Hence, character segmentation is performed to get the

individual characters from words.

3. Layer 3: Handwritten documents contain bilingual text. To process such data, this
module consists of script identification and the corresponding OCR for character
recognition. Three character OCRs have been designed corresponding to scripts i.e.

Gurumukhi OCR, English OCR and Alphanumeric OCR.

4. Layer 4: This layer generates the output of recognition model to doc file. It constructs

the words from characters generated by recognition module.

3.1.2 Detailed Architecture

The novel architecture of Bilingual handwritten text recognition for Academic domain is pre-

sented in Fig This section elaborates every module and sub process of the architecture.

3.1.2.1 Data collection and Pre-processing

There is no benchmark dataset available for bilingual text recognition of Punjabi-English
language in the academic domain. Thus, this research work is a modest attempt to design
bilingual datasets for bilingual text recognition. Apart from it, some other available datasets

have also been used in this work. All the datasets have been described as hereunder:

1. Bilingual Handwritten Documents Dataset: This dataset has been designed for aca-
demic domain considering the writers and content of documents from academic do-
main. Text in documents include alphanumerics, special characters, and data from
Punjabi and English languages. It has 130 documents of varying character size, curved,
skewed and touching lines. Further, many styles of document like multiple paragraphs,

plain document, application type document, etc, have been considered.

2. Composite Character Dataset for Punjabi: For Gurumukhi script, a new dataset

of composite characters has been proposed. Composite character is a combination of
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Figure 3.1: Architecture of proposed BHTRforAD system

character and vowel. It consists of 307 classes of composite characters resulted from

the combination of 12 vowels and 35 characters.

3. TAM Dataset: To evaluate the proposed architecture, a benchmark dataset of hand-
written documents called IAM has been considered. It consists of 1539 pages of hand-
written text. It was designed in the year 1999. However, only 146 text pages have been

considered for the purpose of this work.
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4. Pre-segmented handwritten character dataset: It includes the presegmented hand-

written characters from Gurumukhi, English characters and certain special characters.

The pre-processing of all the above mentioned datasets includes: gray scale conversion,
binarization, resizing and class labeling. For pre-processing of data in the proposed system,
we have used all the traditional methods. Otsu’s method has been used for binarization of
gray scale images. All the images in datasets have been resized corresponding to the used

model requirements. Further labeling of each image in the dataset has been done.

3.1.2.2 Segmentation

A heuristic based approach has been designed using projection profiles, structural and statis-
tical properties of script to segment the handwritten documents at the line, word and character
level. Projection profiles are the most commonly used approaches for segmentation of tex-
tual data. The results of segmentation have been refined further using some post-processing
after each step. The proposed approaches are able to segment the bilingual text with straight,
curved, skewed, and touching lines without any kind of pre-processing steps. The details

about the line, word, and character segmentation are as follows:

1. Line Segmentation: Line segmentation approach has been designed using the pro-
jection profiles and statistical properties of text written. The binarized image is the
input for line segmentation process. The following are the steps of line segmentation
process:

Step 1: Initially, the handwritten document is divided into horizontal stripes using
projection profiles of the document. These stripes may include individual text lines,
overlapped, touching text lines, modifiers present in Gurumukhi text and some part of
text. Post processing of all resulted stripes will be performed to get the refined results.
Step 2: To get the refined stripes, this step merges stripes with size less than thresh-
old (includes modifiers or part of character) with the candidate stripe including text
lines. An algorithm called merging_of _stripes has been designed to perform the merge
operation. Stripes having more than 20 rows are the candidate stripe, i.e., one which
includes the text lines. Stripes having less than 20 rows, contain lower and upper mod-

ifiers or some part of text lines. Such stripes need to be merged in candidate stripes.
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Thus, the algorithm merging_of _stripes, merges the lower zone and upper zone stripes
with middle zone.

Step 3: From the set of refined stripes, this step identifies the stripes having skewed,
touching, and overlapped lines. It considers the average size of stripes to find the can-
didate lines. The stripes having a size more than the average size include the touching
and overlapped text lines. Such stripes are the input for further processing, while the
others are for word segmentation.

Step 4: In this step, the stripes found from Step 3 are divided into vertical slices. The
size of each vertical slice is half of the number of columns in the stripe. To get the
individual lines, projection profile is further calculated for each vertical slice.

Steps 1 to 3 are repeated for each stripe until individual lines are found.

Step 5: This step regenerates the whole text line. I'T merges the vertical stripes verti-
cally to get the required text line.

Figure [3.2] represents flow chart of line segmentation process.

. Word Segmentation: Word segmentation is performed to get the individual words

from lines segmented using line segmentation process. The following are the steps for
word segmentation:

Step 1: The proposed approach uses the inter word and intra word distance to segment
the words of Gurumukhi and English scripts. Initially, vertical projections are calcu-
lated for a text line corresponding to the columns. Vertical Projections (VPs) have
zero value for columns having no text, while non-zero value for columns containing
the text.

Step 2: For segmentation, the proposed approach looks for contiguous columns con-
taining non zero VPs values. The boundaries of word are defined by the first column
containing non zero value to first column containing zero value of VP after contiguous
non-zero values of VP.

Step 3: To segment the words with intra word gap, the average word size of all the
words in the text line has been calculated. The word size provides the inter and intra
word gap.

Step 4: Dilation is performed using the inter and intra word gap found from Step 3.
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Figure 3.2: Flow chart of line segmentation process

Further, vertical projection is performed to get the boundaries of words.
Step 5: VP is performed to refine the errors of under segmented words. It helps in
segmenting the closed and connected words.

Figure [3.3]represents the process of word segmentation.

3. Character Segmentation: Character segmentation is a challenging task for Guru-
mukhi and English scripts due to cursive writing. Characters in Gurumukhi are con-
nected by header line, and in English are connected by lower baseline. It is difficult to
find the header line and baseline in handwritten text as compared to the printed one.
However, this work explores the recognition based character segmentation approach
to segment the skewed and touching characters. This process results in composite

characters for Gurumukhi script. The following steps have been used for character
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segmentation:

Step 1: Some writing styles have disconnected characters in a word. To segment such
words, simple vertical projections are used. It results in characters and sub words.
Step 2: Further, baseline or header lines are identified to segment sub words. Rows
with maximum horizontal projections have been considered to identify the header line
or baseline. The vertical projections are taken from header lines or base lines to find
the character boundaries.

Step 3: The results of Step 2 may include some over segmentations of characters. To
get the actual character, vertical merging of segmented parts is performed. Further,

recognition of resulted character is performed to validate the resultant character.

3.1.2.3 Script Identification

Suppose, we have a set H = {hy,hy,...,h,} of handwritten character images where each
image h; = {C, S} has a character class belonging to a particular script. S is the set of scripts,
while C is the set of characters belonging to that script. Thus, set S is defined as:
S={S51,52,53}

where, S1= Gurumukhi script

S>= English script

S3= Numeric and special characters

Script identification defines classification function f on set of character images which assigns
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the most accurate script from the set S to the character. Function f is defined as:

fZ (h,‘—)SilSiES) (3.1)

Figure [3.4] depicts the architecture of proposed script identification process.
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ik

1. Data Augmentation: Data augmentation has been used to meet the demands of large
data by deep neural networks. Two different techniques of data augmentation viz. ro-
tation and flipping have been used. It helps in solving the class imbalance problem and
making the model transformation invariant. Rotation operation has been performed us-

ing rotation of 20deg angle, while range of 0.2 has been used for zooming of images.

2. Feature extraction: Two types of features, viz. traditional features and deep learn-
ing based features have been extracted for script identification. Traditional feature
extraction includes GLCM, Gabor and HOG features, while deep learning based fea-
tures include LeNet5, Vggl9, and ResNet50 features. For deep learning features, the
last convolution layer of trained network is used as a feature extractor. Further, many
combinations of features have been designed to find the best combination. Out of
three deep networks, LeNet5 features have been used for designing a combination of
features. In all 15 combinations of features have resulted from traditional and deep
learning features. Figure shows the architecture of deep learning and traditional

feature extraction methods.
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3. Classification: Features extracted through traditional and deep learning methods, are
used for classification using transfer learning, ensemble classifiers, and traditional ma-
chine learning classifiers. Three base classifiers, i.e., SVM, KNN, and decision tree
are used for classification. From deep networks, pre-trained VGG19 and ResNet50
are used for classification. Further,an ensemble of classifiers has been designed using

bagging, voting and boosting to improve the performance of classifiers .

3.1.2.4 Character Recognition

After script identification, the next step is focused on choosing the required CR system from
the pool of CR systems. For bilingual HTR, three CRs corresponding to scripts, i.e., Guru-

mukhi CR, English CR and special character and numeral CR have been designed as follows:

1. Gurumukhi CR: For Gurumukhi character a composite character recognition ap-
proach has been proposed to recognize the character and vowel together. For this,
the composite dataset designed in the data collection phase has been used.The mathe-
matical formulation of the proposed approach is as follows:

Let P = {X(,,, Y.y} be set of labeled training data; where, X/, is the set of



Chapter 3 Proposed System: Bilingual HTR for Academic Domain (BHTRforAD) 95

images of composite characters, i.e. combination of characters and modifiers, while
Y/, is the set of corresponding class of composite character (class of character and
modifier). Here, C = {cy,c»,...,c35} is the set of 35 characters of Gurumukhi; and
M = {my,my,...mj>} is the set of 12 commonly used modifiers in Gurumukhi. ¢ x m
denotes all the combination of characters and modifiers which results into 307 combi-

nations. The mathematical formulation of dataset is represented as :

X'={n,b,k....1,} (3.2)

Y/ = {Ccl,ml 7C61,m27 "'7CC2,I’I’L1 7C02,m27 "'CC357m12} (33)

To recognize such data i.e. P two classifiers Ry and R, have been designed to classify

the images in X’ into corresponding class from the set of class labels, i.e., Y’.

The classifier Ry extracts features from dataset P corresponding to characters and clas-
sifies the data into character class. The function f; is a member of classifier Ry which
predicts the character class §; from set C corresponding to inupt image x from set X'

The mathematical representation of fj is as:

fi: (x— > 5d | 5d S C) (3.4)

Similarly classifier R, extracts features of dataset corresponding to modifiers and clas-
sifies into modifier classes. The function f; is a member function of classifier R,. It
maps the input image x from set X’ into corresponding modifier class i.e. o, from set

M. The mathematical representation of f; is as :

fr: (x— > Oy | Oy GM) 3.5

The final output is the combination of R; and R; i.e. character and modifier. For an im-
age from dataset X’ the classifier 1 with function f; will provide the character class and
the classifier 2 with function f, will generate the modifier class for the image. Thus,

the final output label for composite character image will be generated by merging the
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output of both classifiers. Figure [3.6] shows the architecture of composite character

recognition.

© L1 classifier with 35
character classes

A BERFTAAR .

czdgghadda .. .
Feature | cxFTaBTEIA e dnEEET ;
Extraction K

A4

casdzgiaiia ..

Composite
character

C2RITETTITIYT .. b
Feature J cxRI I ALE 2T found matra K |
Extraction . K

czAdF s A4

L2 classifier with 12
matra classes

Figure 3.6: Composite Character Recognition

2. English CR: In this architecture, another dataset Q={X/, Y/} of presegmented charac-

ters English script has been considered. Here, set X! is the set of images of preseg-
mented characters; and Y/ is the set of class labels corresponding to the characters.
The final dataset Q consist of 52 classes having presegmented characters and vowels
set of Gurumukhi script such as:

X={Cy,Cs,...,Cp}

Y’'={Ly,Ls,....Lsy}

Now, for an image of presegmented character from X’ dataset, a single function f3 has

been designed to classify it into a corresponding class label belonging to set Y, i.e.,

f3i(g—>px|pxeY’) (3.6)

3. Alphanumeric CR: In this architecture, another dataset R={X/, ¥/} of presegmented

croc

numerals and special characters has been considered. Here, set XC’ is the set of im-
ages of presegmented numerals and special characters; and Y/ is the set of class labels
corresponding to numerals and special characters. The final dataset R consist of 22

classes having presegmented characters and vowels set of Gurumukhi script such as:
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X={Cy,Cs,...,Cp}
Y’={L] ,Lz, 7L22}
Now, for an image of presegmented character from X’ dataset, a single function f4

have designed to classify it into a corresponding class label belonging to set Y/, i.e.,

fo:(r—>px|px €Y' 3.7)

3.1.2.5 Generating Doc File

The recognized results of OCRs are stored in the word document. The words are constructed
from the recognized characters. Further, a doc file has been generated to store the recognized

text in the files. This is an editable file which makes the handwritten text editable.



Chapter 4

Design and Implementation

This chapter includes the details of design and implementation of BHTRforAD system. The
various Unified Modeling Language diagrams used in designing of framework are presented

well in detail. Further, the experimental and algorithms details are explained in this chapter.

4.1 Design

UML (Unified Modeling Language) is designed by Object Management Group in 1997 to
visualize the complex behaviors of software. It helps in documenting and constructing the
various aspects of framework. UML is classified into tow major categories i.e. structural and

behavior modeling.

4.1.1 Structural Modeling

Structural modeling represent the static view of the system using Class diagram and com-
ponent diagrams. These diagrams depict the different elements of the proposed system and

idea of assembling these elements.

4.1.1.1 Class Diagram

Figure [.T] depicts the class diagram of BHTRforAD system. The static view of the frame-
work is represented using various classes along with attributes and functions corresponding

to each class. Pre-processing class performs binarization and grayscale conversion of the

98
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uploaded document image. At a time only one document image can be uploaded. The seg-
mentation class applies line, word and character segmentation function image to get the indi-
vidual characters. Further the script identification and OCR classes uses feature and classifier
classes to identify the script used and character from that script. Keras and SClpy packages
are used by feature and classifier classes to perform various functions like traditionalfea-
ture(), DeeplearningFeature() etc. The recognized characters are used by GeneratingOutput

class to construct a doc file using function like Constructingwords() and savingdocfile().

T
/Nn TS

Pre-processing Segmentation
type,size image b 1 1 Preprocessedimage()
size
documentimage T ------- — LineSegmentation()
bi
1 1 :2;229?)0 WordSegmentation()
grayscale() CharacterSegmentation
mA ]
1 1
1 1
w1 i 1
|
IREEHE Scriptldentification | 1
Characters n 1 SegmentedCharacter b 5
n i n ScriptidentificationAlgo| |
A TradtionalFeatures() | —C 0 11
E Deeplearnlr:gFeatures() - : ; OCR
i g ¢ L 1 ExtractedFeatures
I A7 i Classifier
i Classifier no| GurumukhiOCR()
EnglishOCR()
I 1
| Exiraciecoalires J 1 SpecialCharacterOCR()
; TradtionalClassifiers() n | m o
] DeeplearningClassifiers() 1 !
I I
I I
! D 0 GeneratingOutput
| i
| !

1 1
bl 1 1 RecognizedCharacters

Keras Package Scipy Package Constructingwords()
savingdocfile()

Figure 4.1: UML class diagram

4.1.1.2 Component Diagram

The second most popular diagram used to represent the static view of the system is compo-
nent diagram. It includes the various libraries, packages and executable scripts. Figure 4.2
depicts the component diagram of BHTRforAD system. Varous matlab and python scripts

used by different components to implement the functionality of system are presented.
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«ma; ab script»

Charactersegmenta
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Figure 4.2: UML component diagram

4.1.2 Behavioral Modeling

To implement the dynamic behavior of the system, behavior modeling is considered in UML.
It includes various diagrams like statechart, usecase and sequence diagram etc. which are

explained in the following section:

4.1.2.1 Usecase Diagram

Use case diagrams represent the dynamic behavior of system using some internal and exter-
nal factors related to system. The three main components of use case diagram are: usecases,
actors and their relationship. Actor is the user of the system while usecases are the vari-
ous processes in the system which interact with each other to complete the functionality of
system. Figure [4.3| represents the boundary of framework where various usecases are pre-
sented while anything present outside this boundary is considered as actors. In BHTRforAD
system, an actor uploads image, request for pre-processing, segmentation, script identifica-

tion, OCR and doc file creation usecases. Usecase diagrams are helpful in identifying the
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functional requirements of the system and relationship between various internal and external

factors.

System

binarization
Normalization
\ .
extends extends,
\ -

upload image

<include

User Tradtitional

Word
Segmentation

character

Segmentation include

_extends

. /
~ include, -
’ ~~extends 1

~

/
,/ extends >

Regenerating

\
extends®,
Words

Transfer Learning Machine Learning

SpecialCharacterO
CR

creating doc file
include

Figure 4.3: UML usecase diagram

4.1.2.2 Sequence Diagram

The focus of sequence diagrams is to depict the interactions occurring in the proposed frame-
work. Figure .4] represents the lifelines of various objects along with their interactions oc-
curring with each other. In the proposed framework, a pre-processing module initializes the
process and pre-processed image is sent to segmentation module which sends back the seg-
mented characters for pre-processing. Further resized character is sent to script identification
module which identifies the script from trained models and sends the character to OCR for
recognition. The recognized character from OCR is sent as input to word generation module.

The final output is saved in doc file.
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Figure 4.4: UML sequence diagram

4.1.2.3 Statechart Diagram

Statechart diagrams are used to represent the different states adopted by components of the

framework. Figure depicts the statechart diagram of the proposed framework. The aim

of this diagram is to represent the flow of control between various states of components.

The major states in BHTRforAD system are to upload the image of document, binarize and

resize the image. After that, various states during segmentation process, feature selection

and classification.

4.2 Implementation

This section discusses the implementation details for bilingual handwritten recognition sys-

tem under various sub-processes including experimental setup and datasets.
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Figure 4.5: UML statechart diagram

4.2.1 Experimental Details

The proposed system has been implemented using two languages i.e. Python and Matlab.
Segmentation processes are implemented in Matlab, while python hs been used for feature
extraction and classification.

To implement the deep learning modules for feature extraction and classification, Keras
framework has been used. It includes number of pre-trained deep learning models. Sim-
ilarly, for simple machine learning algorithms, scipy library of python has been used. To
design the framework for recognition system, matlab designer and jupyter notebook are con-

sidered.

4.2.2 Pre-processing and Segmentation Algorithms

These segmentation algorithms has been implemented in matlab language. Segmentation of

handwritten documents is divided into three sections i.e. line, word and character segmenta-
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tion. Each algorithm uses preprocessing techniques to clean the input data.

4.2.2.1 Line Segmentation

Line segmentation process includes various sub-process to segment the touching, merged,
closed, separated and curved text lines. Algorithm segments lines initially using projec-

tion profiles. The in depth details of the various steps used by algorithms are as follows:

Step 1: The first step is to perform the projection profiles on document image. It gives us
the horizontal stripes (as step 1 to 5 in algorithm 4.1).
Step 2: The next step is to find the stripes which contains text lines (step 6) and get the
boundaries of lines (step 7).
Step 3: Now many stripes will contain partial data, te get the accurate results we perform a
process called merging of horizontal stripes.
Merging of horizontal stripes:
It calculate the size of stripes and the one which has threshold value less then 20 will be
concatenated with the immediate adjacent to that stripe but having threshold value greater
then 20.
The next step is to segment the touching lines or stripes containing more than one text line
(Algorithm 4.3).
Step 4: To segment the touching and overlapping text lines we will divide the stripe to two
vertical segmentation which contains half the number of columns to the original stripe (as in
step 2 to 6).
Step 5: Now perform step 1 to 3 to each individual slice got in step 4.
Step 6: To get the original line we will regenerate the stripes using slices from step 5. In this
we concatenate the individual slices from both the slices.

The algorithm calls algorithm to perform the post processing of segmented text

lines. It refines the results. Now to segment the skewed, touching or curved text lines it calls

algorithm[4.3]
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Algorithm 4.1 Line Segmentation of Bilingual handwritten documents

Require: HBT:Handwritten bilingual text image of size row x col
Ensure: segmented text lines

1:

R e A A

—_—
- O

—_
W N

14:
15:
16:
17:
18:
19:
20:

I < imread(HBT)
gray < gray_scale_coversion(I);
binary <— gray_to_binary_conversion(gray);

binaryl <« invert(binary) > invert image to take horizontal projections
PTO jbinaryl = Yic)’ ):jozlf if(binaryl(i, j) == 1); > calcaulte the horizontal projections
lines < projpinaryt = 1 > Find rows containing text data
d« diff(lines) > find the rising and falling edges of rows with text

startingcol < find(d>0)
endingcol «+ find(d<0)
stripes <— lines; > extract each line and save it

: refined_stripes <— merging_horizontal stripes(stripes); > call Algorithm .2 and find the

stripes with touching, skewed or curved text

: for refined_stripes do

aVgsiripgize < average(size(refined stripes)) 1> the stripes with size greater than
average size will contain touching and overlapping lines
for refined_stripes do
if size(refined_stripes[i])> avg ripsize then
stripes_for_vertical _seg <— refined_stripes
Go to touching_line_segmentation(refined_stripes) > Call algo{4.3
end if
end for
end for

Algorithm 4.2 merging_of stripes

Require: stripes
Ensure: refined_stripes

1:

10:
11:

D A A

for stripes do
stripl <— stripes|[i]
strip2 <— stripes[i+1]
if r1> 20 and r2< 20 then
refined_stripes <— concatenate_horizontally(strip1, strip2)
else if r1< 20 and r2> 20 then
refined_stripes <— concatenate_horizontally(strip2, strip1)
else
refined_stripes <— stripel
end if
end for
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Algorithm 4.3 touching_line_segmentation

Require: stripes_for_vertical_segmentation
Ensure: segmented text lines
1: touching_lines < stripes_for_vertical_segmentation
2: for touching_lines do
3: rowsl,cols1 <— size(touching_lines)
slicel <— touching_lines(:,1:colsl+ 2);
slice2 <— touching_lines(:,cols1+ 2 + 1: colsl);
repeatStep 5 to 17 of Algorithm 1
until we finds stripes with single text line > save segmented text lines of slice 1 and
slice 2 in two different folders for further processing
lines_slicel «+— segmented text lines of slice 1
9: lines_slice2 < segmented text lines of slice 2 > To form the complete text lines we
need to merge the corresponding segmented lines from both slices
10: for lines_slicel do

A

oo

11: linel _slicel < line_slicel[i]

12: linel _slice2<— line_slice2][i]

13: rl,cl < size(linel_slicel)

14: r2,c2 + size(linel _slice?2)

15: if r1==r2 then

16: line <— concatenate_horizontally(linel slicel,linel slice2)
17: else

18: resize images and concatenate

19: end if

20: end for

21: end for
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4.2.2.2 Word Segmentation

Word segmentation has been implemented using algorithm 4.4l The step by step breakdown

of the algorithm is as follows:

Step 1: The input to this algorithm is the output of the line segmentation algorithm. To
get the word boundaries for dilation this algorithm calculates the intra word gap. For this it
uses average word size of the words in line and using that size we will perform dilation (step
3-4).

Step 2: The next step is to get the boundaries of the word. We have used vertical projection
profiles to get the boundaries (as in step 6-7).
Step 3: The columns having contiguous non zero values for projection profiles are the one

which contains text (as in 7-10).

Algorithm 4.4 end-point detection algorithm

Require: HTL: handwritten text lines containing bilingual words
Ensure: segmented words
1: I+ imread(HTL) ;

2: binary < gray_to_binary_conversion(gray);

3: avg_word_gap < calculate_intra_word_gap(binary);

4: img_dilate <— imdilate(binary); > dilate image corresponding to word gap found
5: binaryl <« invert(img_dilate); > invert image to take vertical projections
6: Vpro j;,,-na,y1=25‘;lf 2Vif(binary1(j,i)==1); comment: calcaulte the vertical projections
7: words <— pro jpinary1 = 1 > Find cols containing text data
8: d<— diff(words) > find the rising and falling edges of rows with text
9:

startingcol <— find(d>0);
endingcol «+ find(d<0);
. words < words; > extract each word and save it

—_—
— O

4.2.2.3 Character Segmentation

Character segmentation of words has been performed using following algorithm The

step by step breakdown of the algorithm is as follows:

Step 1: The first step is to get the vertical projections of the words. As some words here

include subwords and disconnected characters (as in step 1 to 4 in algorithm).
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Step 2: The next step is to find the header lines of baselines in the text where we use horizon-
tal projection profiles. The rows with maximum horizontal projections represents the header
line or baseline (as in step 5).

Step 3: Further vertical projections are taken from header line or baseline to get the character
boundaries (as in step 6-7).

Step 4: The results of previous step will include some oversegmentations. Hence, we use
recognition based technique where we will recognize each vertical segmentation, manually
to get the actual character. We merges the vertical segmentation until we cant find the exact
character. This is the manual process which can be automated in future using some recogni-

tion models (as in step 8-11).

Algorithm 4.5 character segmentation algorithm based on segmentation recognition process

Require: HW: segmented words
Ensure: segmented characters
1: I+ imread(HW) ;
2: binary < gray_to_binary_conversion(gray);
3: VP « calculate_vertical _projections(binary); > Find the disconnected characters and

subwords
4: character_and_subwords <— word_segmentation(VP); > segment the word using VP
5: baseline < find base line(character_and_subwords); > To segment the sub words
6: The colomns with lesser number of black pixels are the candidate points for segmenta-
tion
7. segmented_characters(n) <— baseline based segmentation > It will give over
segmentations

8: To find the exact character perform merging of segmented results until we finds the
recognized character

9: fori <ndo

10: char <— merge(char(i), char(i+1),...n) > manually check for the character and stop
merging

11: end for

4.2.3 Script Identification

Script identification process includes feature extraction and classification tasks. Three tradi-
tional and three deep learning based features have been extracted. Further various combina-
tions of extracted features are designed. The pseudocode for features and classifier used in

the work is explained as follows:
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>Load dataset
> get the training labels
>create two array i.e. feature_array( ] for features and label|| for labels
>Read images from training folder along with labels
Extract Gabor features
>F1= Gabor features
Extract GLCM features
>F2= GLCM features
Extract HOG features
>F3= HOG features
Extract LeNet features
To extract the features use the trained model. The last convolutional layer of trained model
has been used as feature extractor.
>F4= LeNet features
Design various combinations of features
Combine HOG and GLCM features GLCM features
>F5= Concat(F2, F3)
Combine Gabor and HoG features features
>F6= Concat(Fl, F3)
Combine Gabor and GLCM
>F7= Concat(F1, F2)
Combine Gabor,GLCM, HOG features
>F8= Concat(Fl1, F2, F3)
Combine Gabor, GLCM and LeNet
> F9=(F1, F2, F4)
Combine Gabor, GLCM, LeNet, HOG
>F10= (Fl, F2, F3, F4)
Combine Gabor, HOG, LeNet
>FIll= (Fl, F3, F4)
Combine GLCM, LeNet, HOG
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>FI12= (F2, F3, F4)

Combine LeNet and Gabor

>FI13=(Fl, F4)

Combine LeNet and GLCM

>Fl4= (F2, F4)

Combine LeNet and HOG

>F15=(F3, F4)

For classification: Three types of experiments have been implemented i.e. using three ma-
chine learning classifiers. using ensemble based classifier and using transfer learning for

classification. The pseudocode for all three approaches is explained as:

1. Three machine learning based classifiers i.e. SVM , RF and KNN has been used to
train each feature set. Hence it results into 45 classifiers.
for F(i) in (F1 to F15) do:
(a) train SVM classifier
(b) train RF classifier

(c) train KNN classifier

end

2. Further for all feature sets ensemble classifiers like Voting, bagging and boosting have
been implemented.
for F(i) in (F1 to F15) do:
(a) train Voting based classifier with base classifier (SVM, RF and KNN)
(b) train Bagging based classifier with base classifier (SVM, KNN, RF)

(c) train Boosting based classifier with base classifier (SVM, KNN, decision tree)

end
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3. Transfer learning based classifiers have been designed using Vggl9 and ResNet50.
The pseducode for ResNet50 classifier is as :
>import Keras
>import ResNet50
>import ImageDataGenerator
Preprocess data corresponding to ResNet50
resize dataset images
>Load training dataset or features with labels
Divide the dataset into training and testing
>traindata, testdata<—train_test_split(feature,label)
perform one hot encoding of labels
>labels<—(to_categorical(labels,no_of classes))
> Perform Data augmentation using rotation, flipping, and zooming operations
Initialize ResNet50 model trained on imagenet dataset excluding the top layer
>call ResNet50(include top = False, weights = ’imagenet’, input_shape =
(224,224,3), classes = len(labels))
> Fine tune the ResNet50 model corresponding to our dataset by adding dense and
dropout layers
Add final dense layer as classification layer
>add dense(5,softmax)
Define the hyperparameters like epochs, learning rate, batch size
Compile the model
>model.compile(optimizer, loss, metrics)
Train the model
>model.fit(generated_data, epochs, batch size)
Evaluate the model on test data

>model_model.predict(testdata)

The pseducode for Vgg19 classifier is as :

>import Keras
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>import VGG19

>import ImageDataGenerator

Preprocess data corresponding to VGG19

>resize dataset images

>Load training dataset or features with labels

Divide the dataset into training and testing

>traindata, testdata<—train_test_split(feature,label)

Perform one hot encoding of labels

>labels<—(to_categorical(labels, no_of_classes))

> Perform Data augmentation using rotation, flipping, and zooming operations
Initialize VGG19 model trained on imagenet dataset excluding the top layer
>call VGG19(include_top = False, weights = imagenet, input_shape = (224,224,3),
classes = len(labels))

>Fine tune the VGGI19 model corresponding to our dataset by adding dense and
dropout layers

Add final dense layer as classification layer

>add dense(5,softmax)

Define the hyperparameters like epochs, learning rate, batch size

compile the model

>model.compile(optimizer, loss, metrics)

Train the model

>model fit(generated_data, epochs, batch size)

Evaluate the model on test data

>model_model.predict(testdata)

424 OCR

After script identification the corresponding OCR will be selected. Hence, we have imple-

mented three different OCRs w.r.t scripts. For character recognition we have implemented
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VGG19 as classifier. The implementation details of the OCRs are given as:

4.2.4.1 Gurumukhi OCR

Gurumukhi OCR is implemented using two VGG19 networks to recognize the composite

characters from 302 classes. The pseducode of composite CR is as follows:

>import Keras
>import VGG19
>import ImageDataGenerator
Divide the dataset into two types: It will reduces the class size of dataset from 302 to 35
and 12. Type 1 dataset has 35 classes coresponding to character while Type 2 dataset has 12
classes corresponding to matras.
>resize both dataset images
>Load Type 1 training dataset labels
Divide the dataset into training and testing
>traindatal, testdatal<—train_test_split(Typel,labell)
Perform one hot encoding of labels
>labels1<—(to_categorical(labels,no_of classes))
> Perform Data augmentation using rotation, flipping, and zooming operations
Initialize VGG19 model trained on imagenet dataset excluding the top layer
>call VGG19(include_top = False, weights = imagenet, input_shape = (224,224,3), classes
= 35)
> Fine tune the VGG19 model corresponding to our dataset by adding dense and dropout
layers
Add final dense layer as classification layer
>add dense(35,softmax)
Define the hyperparameters like epochs, learning rate, batch size
Compile the model

>modell.compile(optimizer, loss, metrics)
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Train the modell

>modell.fit(generated_data, epochs, batch size)

Evaluate the modell on test data

>character_class<—model.predict(testdatal )

>Load Type 2 training dataset labels

Divide the dataset into training and testing

>traindata?, testdata2<—train_test_split(Type2,label2)

Perform one hot encoding of labels

>labels2<—(to_categorical(labels2,12))

> Perform Data augmentation using rotation, flipping, and zooming operations
Initialize VGG19 model trained on imagenet dataset excluding the top layer
>call VGG19(include_top = False, weights = imagenet, input_shape = (224,224,3), classes
=12)

> Fine tune the VGG19 model corresponding to our dataset by adding dense and dropout
layers

Add final dense layer as classification layer

>add dense(12, softmax)

Define the hyperparametrs like epochs, learning rate, batch size

Compile the model

>model2.complie(optimizer, loss, metrics)

Train the model2

>model2.fit(generated_data, epochs, batch size)

Evaluate the model2 on test data

>matra_class<—model.predict(testdata2)

Combine the output of these models

recognised_charctaer<—concatenate(charcater_class,matra_class)

4.24.2 English OCR

: The pseudocode to implement English OCR has been explained as below: >import Keras

>import VGG19
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>import ImageDataGenerator

>resize dataset images

>Load training dataset labels

Divide the dataset into training and testing

>traindata, testdata<—train_test_split(data,labels)

Perform one hot encoding of labels

>labesl<—(to_categorical(labels,no_of classes))

> Perform Data augmentation using rotation, flipping, and zooming operations
Initialize VGG19 model trained on imagenet dataset excluding the top layer
>call VGGI19(include_top = False, weights = imagenet, input_shape = (224,224,3), classes
=52)

Fine tune the VGG19 model corresponding to our dataset by adding dense and dropout lay-
ers

Add final dense layer as classification layer

>add dense(52,softmax)

Define the hyperparametrs like epochs, learning rate, batch size

Compile the model

>model.complie(optimizer, loss, metrics)

Train the model

>model fit(generated_data, epochs, batch size)

Evaluate the model on test data

>character_class<—model.predict(testdata)

4.24.3 Alphanumeric OCR

To recognize the alphanumeric data, alphanumeric OCR has been designed. The following
pseducode implements the alphanumeric OCR: >import Keras

>import VGG19

>import ImageDataGenerator

>resize dataset images
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>Load training dataset labels

Divide the dataset into training and testing

>traindata, testdata<—train_test_split(data,labell)

Perform one hot encoding of labels

>labels<—(to_categorical(labels,no_of classes))

> Perform Data augmentation using rotation, flipping, and zooming operations

Initialize VGG19 model trained on imagenet dataset excluding the top layer

>call VGG19(include_top = False, weights = imagenet, input_shape = (224,224,3), classes
=22)

> Fine tune the VGG19 model corresponding to our dataset by adding dense and dropout
layers

>Add final dense layer as classification layer

Define the hyperparameters like epochs, learning rate, batch size

compile the model

>model.compile(optimizer, loss, metrics)

Train the model

>model fit(generated_data, epochs, batch size)

Evaluate the model on test data

>character_class<—model.predict(testdatal )

4.2.5 Generating doc file

To generate the doc file, the pseducode is as following:
Store the recognized characters of a word in an array
>character( ][«—character_class

>open a doc file

>Read an array character(]

>for i =1 to size(character(]):

>write in doc file

>end
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>save file



Chapter 5

Test and results analysis

This chapter presents the result and testing analysis for various phases of handwritten text
recognition system. Further, the proposed BHTRforAD system has been tested using dif-
ferent kinds of handwritten documents. The proposed segmentation algorithms are tested
for two different types of datasets corresponding to line, word and character segmentation.
Further, the proposed algorithm for script identification has been evaluated. For Gurumukhi
composite characters, the proposed approach has been tested on proposed composite charac-
ter dataset. To test the robustness of script identification model and character recognition, K
fold cross validation testing has been used. The various parameters like accuracy, precision,
recall, f score have been considered. To compare the performance of proposed methods with

state-of-the-art methods a comprehensive performance evaluation is performed.

5.1 Result analysis corresponding to various phases of

BHTR

This section details the various results corresponding to each phase of handwritten text recog-
nition. Various types of datasets like IAM, composite character, bilingual handwritten, and

MNIST have been considered.

118
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5.1.1 Performance Measures

This section discusses the various performance metrics used in the research work like vi-
sual criteria, detection rate, recognition accuracy and F1 measure etc. The importance of
these metrics lies in their ability to evaluate the performance of algorithms. Detection rate
we also call it recall, measures the proportion of true positives (correctly detected segments)
out of all actual segments in the text. A high detection rate is crucial for ensuring that no
important segments are missed during the segmentation process. As in document segmen-
tation we have to take care of all these minor segmentation which can change the meaning
of text written if missed out. Recognition accuracy measures the proportion of true posi-
tives (correctly detected segments) out of all detected segments by the algorithm. It indicates
how precise the segmentation algorithm is in identifying relevant segments without includ-
ing irrelevant ones. High recognition accuracy is important for ensuring the quality and
relevance of the segmented output. It’s particularly crucial in applications where precision is
paramount, such as natural language understanding or sentiment analysis. The F1 measure
is the harmonic mean of detection rate and recognition accuracy. It provides a single metric
that balances both precision and recall, offering a comprehensive evaluation of the segmen-
tation algorithm’s performance. A high F1 score indicates that the algorithm achieves both
high detection rate and high recognition accuracy simultaneously, striking a balance between
completeness and precision in segmenting the text.

These metrics are relevant in our research to give the more comprehensive evaluations of the
proposed algorithms. Different metrics capture different aspects of performance. Detection
rate measures the algorithm’s ability to find all relevant segments, recognition accuracy mea-
sures its precision in identifying relevant segments, and F1 measure combines both precision
and recall.

These are very important to know the algorithm behavior as For example, if an algorithm
achieves high recognition accuracy but low detection rate, it may be overly selective in seg-
menting the text, missing important segments. Understanding these nuances helps in refining
and optimizing the algorithm for better performance. It helps for future analysis of the algo-

rithms. Many other metrics are ROC, AUC, cross validation Segmentation level evaluations
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etc which are not so relevant to our domain. As for segmentation we are not training any
model so there is no need of cross validation and ROC metrics. Further segmentation level
can be used in the future works to evaluate the segmentation of sentences and phrases.

For script identification tasks we have considered accuracy, time and feature vector metrics.
As to differentiate between deep learning and traditional approaches these are the most rel-
evant metrics. For composite character recognition again, I have used precision, recall, F1
measure and accuracy, computational time. As in these algorithms we are making compari-
son between deep learning approaches and traditional machine learning approaches. Hence,
for this comparison, the most appropriate parameters are accuracy and computation time.
Apart from these we have specificity, ROC, AUC, precision recall curve etc. Precision-recall
curve and AUC-PR provide an alternative to ROC analysis, particularly when dealing with
imbalanced datasets. Specificity is particularly useful when the cost of false positives is
high, and correctly identifying true negatives is critical. Moreover in the literature highly

used metrics are precision, recall and accuracy.

5.1.2 Segmentation Results

The evaluation of segmentation algorithms is mostly done using visual criteria by many re-
searchers on the publicly available datasets. This work considers many evaluation strategies
apart from visual criteria which are similar to the one used in many document segmentation
competitions like ICDAR 2003, 2005, 2007, 2009 and some research articles [23, 35, 36, 38,
41]. These measures compare the area detected by algorithm and the area of ground truth.
The match is called one to one is the matching score for this pair is equal to or above the eval-
uators acceptance threshold. From this match, we have considered three parameters named:
detection rate, recognition accuracy and F1 measure (it is a global performance metric found

by combining DR and RA ). These measures are calculated as follows:

DR = 020/N (5.1)

RA = 020/M (5.2)

Flmeasure = (2DRRA)/(DR+RA) (5.3)
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Here N is the number of text pixels in ground truth segments and M is the number of detected
or resulted text pixels while 020 matching defines the number of correctly detected text pix-
els. Further, to evaluate the proposed segmentation algorithms, accuracy is also considered

as performance measure. It is defined as:

Accuracy = CS/T (5.4)

where CS is the correctly segmented data (line, word, character) and T is the total Ground
truth data. RA gives more refined analysis of results as compared to accuracy as it considers

correctly segmented data from the resulted data.

5.1.2.1 For bilingual Handwritten document dataset

This section discusses the segmentation results using bilingual handwritten dataset of
Gurumukhi-English text. It includes touching, skewed, curved and closed text lines. Simi-
larly words with inter word and intra word gaps and touching characters have been consid-

ered.

1. For Line Segmentation: This dataset contains lesser number of straight lines as com-
pared to IAM i.e. 287 lines. However the line segmentation accuracy of this is lower
than TAM due to presence of lower and upper zone modifiers in Gurumukhi script as
compared to Latin script. The merging_of_stripes algorithm increases the accuracy of
straight line segmentation process. It results in accuracy of 95.8% . Some sample

results are shown in Figure [5.1]

The handwritten documents contain some skewed text lines also which is the major
focus of this work. The proposed algorithm segments the skewed lines without using
any skew correction algorithm. The total of 165 skewed text lines are considered in
this bilingual dataset. To find the optimal cut points vertical segmentation algorithm
is used. The average accuracy reported for skewed text lines is 89.75% for text with
different scripts. Some results are shown Figure. Most of the handwritten docu-
ments consist of curved text lines. Hence, in this work we have considered 185 curved

text lines also. The proposed approach performes efficiently for curved text lines as
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Figure 5.1: Results for straight lines

compared to state-of-the-art methods due to vertical segmentation. It results into the

average accuracy of 96%. Some results are shown in Figure[5.3]

Table 5.1: Quantitative comparison of proposed approach with existing approaches for Line
segmentation on Bilingual dataset

Method DR RA F1 measure Accuracy Time (in seconds)
Kundu et al. [255]] 84.62% 85% 84.80% 79.24% 195.230s

Ptak et al. [102] 85.27% 86.21% 85.73% 80.34% 100s

Santose et al. [104] 74.25 72.12 73.16% 69.21% 125s

Sanasam et al. [100] 81.57% 84.12% 82.82% 80.69% 170.5s

Proposed 96.95% 95.84% 96.39% 92.95% 143.488s

The writing style of many writers consist of closed and touching text lines. Such

text lines have smaller gaps in between the lines. To process such writing styles we

have considered 239 closed lines having 117 touching lines also. To segment the

touching lines for scripts having modifiers present in the upper and lower zone is the

real challenge. The proposed approach has achieved the accuracy of 82.9% . Some
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Figure 5.3: Results for curved lines

results are shown in Figure.

2. For Word Segmentation: The proposed end point detection algorithm is able to seg-
ment the broken, cursive and skewed words in bilingual text document. The total of
6860 words have been used for segmentation. The proposed algorithm has reported an

accuracy of 92.25%. The results are reported in Figure. [5.5]

Table 5.2: Quantitative comparison of proposed approach with existing approaches for word
segmentation on Bilingual dataset

Method DR RA F1 measure Accuracy Time (in seconds)
Proposed 94.05% 96.93% 95.46% 92.25% 7.630s

Sanasam et al. [100] 84.2%  82.14% 83.15% 81.06% 5.4s

Jindal et al. [256]] 72.16 73.35 72.75% 70.89% 6sec

3. For Character Segmentation: The character segmentation results of bilingual text
are shown in Figure [5.6] This character segmentation approach uses single method to
segment the text from two different scripts. It has efficiently segmented the closed,
touching and skewed characters. Further, this approach can segment the characters

with header lines. The average accuracy achieved for character segmentation on bilin-

gual text is 87.25%.
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Figure 5.4: Results for touching and closed lines
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Figure 5.5: Results for for word segmentation using end point detection algorithm
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Figure 5.6: Character segmentation results for bilingual text

Table 5.3: Line Segmentation Results for Bilingual dataset

Line type no of correctly segmented lines no of total lines Accuracy proposed

Touched 105 117 89.74%
Skewed 146 165 88.48%
Curved 171 185 92.43%
Straight 275 287 95.81%
Close 226 239 94.56 %

5.1.2.2 For IAM document dataset

The IAM dataset has 146 documents resulting into 1022 text lines. The results corresponding

to line, word and character segmentation are presented as :

1. For Line Segmentation: IAM dataset includes skewed, straight, closed and curved
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Figure 5.7: Results for Line Segmentation on IAM dataset

text lines. This work considers 146 documents resulting into 1022 lines. This dataset

has less number of samples for curved text lines as compared to skewed, and touching

lines. The average accuracy of 95.89% has been reported for IAM dataset. Some

results are shown in Figure[5.7]

. For Word Segmentation: IAM has total of 7154 words with various types like bro-

ken, cursive, and skewed. The average accuracy reported for words is 89.74%.
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Table 5.4: Quantitative comparison of proposed approach with existing approaches for Line
segmentation on IAM dataset

Method DR RA F1 measure Accuracy Time(in seconds)
Kundu et al. [253]] 87.62% 90.01% 88.79% 84.10% 145s
Ptak et al. [102] 88.39 % 89.10% 88.74% 88% 80s

Santose et al. [104] 86.10% 85.64% 85.86% 90.12%  94s
Sanasam et al. [100] 96.93% 98.22% 97.57% 94.14% 120s
Proposed 96.95% 95.84% 96.39% 92.95% 143.488s

Table 5.5: Quantitative comparison of proposed approach with existing approaches for word
segmentation on IAM dataset

Method DR RA F1 measure Accuracy Time (in seconds)
Proposed 91.27% 88.91% 90.07% 89.74% 5.8s

Sanasam et al. [100] 93.56% 91.45% 92.49% 90.34% 4s

Jindal et al. [256] 75.48% 72.84% 74.13% 71.69% Ssec

Table 5.6: Line Segmentation Results for [AM dataset

Line type no of correctly segmented lines no of total lines Accuracy proposed

Touched 56 70 80.0%
Skewed 254 266 95.48%
Curved 116 120 96.6%
Straight 234 236 99.15%
Close 320 330 96.6 %

5.1.2.3 Comparative analysis with state-of-the-art

This section discusses and analyses the various results achieved using proposed approach.
The proposed approach has performed well for the bilingual dataset as compared to the clas-
sical segmentation approaches like projection profiles, morphological operations and con-
nected component analysis. It can segment the text written into two different scripts without
any script identification approach. Post processing phase used at each step during segmen-
tation process improves the results. The proposed approach is able to segment the text with

curved, skewed, touching, closed lines and written in different formats like application for-
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mat, text started from middle of page, written in paragraphs etc. It does not require any pre
determined threshold values. Hence, it can be easily adopted for text segmentation of other
similar scripts like Devanagari, Bangla etc in combination with Latin script. The bilingual
dataset uses handwritten samples and text content from Academic domain. Hence, it will
greatly help in designing the OCR and any other text recognition task for academic domain.
The quantitative comparative analysis for text line segmentation approaches has been rep-
resented in Table 5.1 and 5.4 for bilingual and IAM dataset respectively. The techniques
considered in comparison for text line segmentation are based on projection profile and gen-
erative adversarial networks (GANs). Sansam et al. [100] have used modified projection
profiles to find the mid point between two text lines for text line separation. This approach is
unable to segment the documents where text written starts from the middle of document or
from the right side of document. Further, for curved text lines separation this approach does
not provide efficient solution as compared to proposed one. Moreover, it takes little more
time on our dataset as compared to proposed approach due to the extra efforts needed for
gap trailing between the lines. Santos et al. [104] have used morphological operations and
histograms for text line separation. This is threshold dependent approach which performs
efficiently for straight and closed text lines but fails to segment the curved and skewed text.
Apart from these classical approaches, we have implemented another deep learning based
approach for text line separation using Generative Adversarial Network (GAN) architecture.
It considers the text segmentation task as image translation where a document is translated
into another document with separated text lines. It requires large training data and time
as compared to classical approaches to give efficient results. Similarly, Table 5.2 and 5.5
represents the quantitative comparison of proposed approach with existing approaches for
word segmentation on bilingual and IAM dataset respectively. Sanasma et al. [100] have
used vertical projection histograms for word segmentation where a columns with zero value
is considered the boundary for word segmentation. Similarly Jindal et al. [256] have used
mid point detection based approach using vertical projections for word segmentation. These
approaches do not consider the intra word gap due to which it fails to segment the discon-
nected words correctly and results into poor word segmentation. The proposed approach

uses average word size for each text line to find the inter and intra word gaps.
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5.1.3 Script identification at character level

For script identification, exhaustive experiments have been conducted to find the most signif-
icant features and classifiers combination corresponding to our dataset. This work considers
Extended-MNIST dataset [257] for English numerals and characters, while for Gurumukhi
numerals and characters, dataset from Chandan et al. [258]]. The bilingual dataset, designed
through the use of these two datasets, contains 5 different output classes as: Gurumukhi
characters (GC), English upper case characters (EC_u), English lower case characters (EC_l),
Gurumukhi Numerals (GN), English Numerals (EN). These datasets include number of con-

fusing character pairs within the datasets and between the datasets.

1. Experiment 1: Script identification using Transfer learning and handcrafted fea-
tures: In this experiment, three major deep learning based models i.e. VGGI9.
ResNet50 and LeNet5 pretrained on imagenet dataset have been used. These networks
are used as classifier as well as feature extractor. Further the features extracted from,
deep networks are used to train traditional models i.e. SVM, RF, KNN. For classifi-
cation VGG19 has achieved the highest accuracy using softmax classifier. For feature
extraction, ResNet50 has outperfomed with RF classifier resulting in the accuracy of
98.01%. The CPU time taken by VGG19 and ResNet50 for SVM and RF is similar.
However for KNN, VGG19 features takes little more time as compared to others. For
handcrafted features, the highest accuracy has been reported with the combination of
HOG features and RF classifier. The confusion matrix have been drawn to get the class
wise accuracy for each model. Table [5.9] represents the results for various classifiers

for script identification.

2. Experiment 2: Combining various features for script identification: In this re-
search work, eleven different kinds of feature sets have been designed to analyze the
combination of various features. Further three base classifiers have been used to de-
sign multiple classifiers from these feature sets. It results into 33 different classifiers.
The 3 fold cross validation accuracies of models are presented in Table[5.10] From the
table, it can be concluded that SVM has performed well with all the classifiers while

it takes the CPU time much higher as compared to other base classifiers. It is due to
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Table 5.7: Parameter details for training deep networks

Network  Learning OptimizeilEpoch Batch  Loss func- Activation No. of
name rate tion trainable
parameters
LeNet5 0.01 Adam 11 Categorical Tanh 61, 281
Cross
entropy
VGGI19 0.001 SGD 50 Categorical Relu 21,240,010
Cross
entropy
ResNet50 0.001 SGD 50 Categorical Relu 26,323,082
Cross
entropy

Table 5.8: Parameter details for training machine learning models

Feature set

SVM (c, gamma) RF (n_estimators) KNN (n_estimators)

Gabor
GLCM
HOG
LeNet5
VGGI9
ResNet50

50,5
50,5
10, 0.01
10, 0.05
linear
linear

500

1000
1000
1000
1000
1000
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Table 5.9: Script recognition accuracy (in %) and CPU time (in seconds) for multiple classi-
fiers using deep features and handcrafted features

SVM RF KNN Softmax

Feature  Feature veetor - - - -

churacyTlme AccuracyTime AccuracyTime AccuracyTime
VGGI9 25088 97.10 12257 97.68 12504 97091 15744 9588 12204
ResNet50 100352 97.43 12635 98.01 12873  73.60 12610 95.58 12610
LeNet5 400 94.37 633 93.22 110 92.45 250 9230 120
Gabor 64 78.00 1827 77.00 1585 7535 1645 - -
(F1)
GLCM 48 86.00 2166 86.00 1589 82.94 1644 - -
(F2)
HOG 2400 03.28 644 94.45 330 92.63 500 - -
(F3)

the parameter optimization in SVM. KNN has performed lowest as compared to SVM

and RF.

Table 5.10: Script recognition accuracy (in %) and CPU time (in seconds) for multiple clas-
sifiers with combination of different feature sets

Feature Feature vector SVM RE KNN
Accuracy Time  Accuracy Time Accuracy Time
LeNet+Gabor 464 92.61 3610  90.21 1950 92.62 1973
LeNet+GLCM 484 94.26 3611  91.83 2731 93.20 1971
LeNet+HOG 2800 93.22 17720 94.14 349  92.73 3134
F2+F3 2448 93.93 16897 94.53 1814 92.95 4158
F1+F3 2464 93.73 17068 94.14 1946 92091 2057
F1+F2 112 87.49 3529  85.28 1844 83.63 1845
F1+4F2+F3 2512 93.93 18890 94.37 3379 92.97 5523
F1+F2+F4 512 94.57 21880 91.83 3231 93.11 3235
F14F2+F3+F4 2912 94.04 21440 94.06 3476 92.97 3544
F1+F3+F4 2864 93.95 16792 93.83 1911 92091 2014
F2+F3+F4 2848 94.01 19580 94.11 1909 93.12 2011

3. Experiment 3: Script identification using Ensemble approaches: This experiment

considers three kinds of ensemble approaches viz., Voting, Bagging, and boosting.

Voting based ensemble classifier combines the complimentary nature of different clas-

sifiers. Table [5.1T|represents the accuracies for various feature sets with voting based
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classifier for script identification. Gabor and HOG features have reported highest accu-
racies for voting based classifier. The best combination of features are LeNet-GLCM
(95.53%), LeNet-HOG (95.68%), GLCM-HOG (95.83%), Gabor-HOG (95.99%),
Gabor-GLCM-HOG (95.76%), Gabor-GLCM-LeNet (95.45%), Gabor-GLCM-HOG-
LeNet (95.76%), Gabor-HOG-LeNet (95.83%) and GLCM-HOG-LeNet (95.83%).
For deep networks the accuracy reported for voting based classifiers is lesser as com-
pared to individual classifier. Hence for ensemble approaches we need weak base
classifiers. There is not much rise in CPU time for voting based classifiers with re-

spect to individual classifiers.

Table 5.11: Script recognition accuracy (in %) and CPU time (in seconds) using voting based
classifier

Feature Feature vector SVM RF KNN Voting based Time
Gabor(F1) 64 78.00 77.00 7535 75.19 1603
GLCM (F2) 48 86.00 86.00 82.94 87.59 1708
HOG(F3) 2400 93.28 94.45 92.63 95.14 2318
LeNet(F4) 400 94.69 9322 92.68 92.75 532
LeNet+Gabor 464 92.61 90.21 92.62 93.83 1950
LeNet+GLCM 484 94.26 91.83 9320 95.53 1851
LeNet+HOG 2800 9322 94.14 92.73 95.68 829
F2+F3 2448 9393 94.53 9295 95.83 2195
F1+F3 2464 93.73 94.14 9291 95.99 2639
F1+F2 112 87.49 85.28 83.63 86.97 3504
F1+F2+F3 2512 9393 9437 9297 95.76 3742
F1+F2+F4 512 94.57 91.83 93.11 9545 3606
F1+F2+F3+F4 2912 94.04 94.06 9297 95.76 4093
F1+F3+F4 2864 9395 93.83 9291 95.83 2511
F2+F3+F4 2848 94.01 94.11 93.12 95.83 2521
VGGI9 25088 97.10 97.68 97.91 9527 15 hours
ResNet50 100352 97.43 98.01 73.60 94.96 14 hours

Further, from ensemble approaches Bagging based ensemble approach has used three
base classifiers i.e. SVM, KNN, and RF. For traditional feature sets KNN has per-
formed well as compared to other for classification. KNN individually has not per-

formed well, as it is considered as weak classifier. However with ensemble the per-
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formance of KNN has improved significantly. Some of the fine accuracies achieved
by KNN as base classifier with the best performing feature sets are: Gabor-HOG
(93.23%), HOG (93.30%), Gabor-GLCM-HOG (93.36%), LeNet-GLCM (93.92%),
LeNet-HOG (93.54%), and Gabor-HOG-LeNet (93.35%) (Table [5.12). Here, again,
HOG takes more time for classification as compared to Gabor and GLCM. For pre-
trained models, like ResNet50 has reported good accuracy with SVM. However, it
takes a lot more time as compared to RF.

The third i.e., Boosting based ensemble approach uses Adaboost classifier. It uses RF,
decision tree and SVM as base classifiers. Adaboost has performed well with HOG
features and RF base classifiers. For pre-trained models, Adaboost has achieved the
maximum accuracy of 98.43% with the combination of ResNet50 and SVM. However,
this improvement in accuracy increases the training cost of network in terms of CPU

time as compared to RF and decision tree.

Table 5.12: Script recognition accuracy (in %) and CPU time (in seconds) using bagging
based ensemble classifier

Feature Feature vector SVM KNN RF Time
Gabor(F1) 64 77.02 67.62 7451 1620
GLCM (F2) 48 75.33 83.53 83.16 1615
HOG(F3) 2400 84.80 93.30 91.88 4799
LeNet(F4) 400 88.28 92.45 90.59 562
LeNet+Gabor 464 67.24 92.20 88.35 2140
LeNet+GLCM 484 76.85 9392 89.71 2532
LeNet+HOG 2800 85.36 93.54 92.06 2813
F2+F3 2448 84.10 9290 92.48 3676
F1+F3 2464 84.08 93.23 92.13 8990
F1+F2 112 74.63 84.00 83.20 3758
F1+F2+F3 2512 85.55 93.36 92.33 15477
F1+F2+F4 512 7248 92.81 89.79 3668
F1+F2+F3+F4 2912 84.33 92.87 91.17 4273
F1+F3+F4 2864 83.70 93.35 92.01 3694
F2+F3+F4 2848 83.84 9291 9221 4592
VGG19 25088 98.61 97.76 98.16 15148

ResNet50 100352 98.82 70.50 98.57 25680
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Table 5.13: Script recognition accuracy (in %) and CPU time (in seconds) using boosting

based ensemble classifier

Feature Feature vector SVM RF Decision Tree Time
Gabor(F1) 64 49.15 76.34 68.56 2238
GLCM (F2) 48 52.54 83.97 69.26 1572
HOG(F3) 2400 65.87 92.44 68.87 374
LeNet(F4) 400 59.01 90.60 31.04 135
LeNet+Gabor 464 5291 85.82 68.25 1781
LeNet+GLCM 484 53.01 87.75 68.56 1724
LeNet+HOG 2800 63.11 91.91 48.68 475
F2+F3 2448 5296 87.15 71.18 1925
F1+F3 2464 5822 90.83 69.02 1935
F1+F2 112 51.55 82.89 68.25 3504
F1+F2+F3 2512 53.88 91.37 68.33 3504
F1+F2+F4 512 5245 90.21 67.41 3259
F1+F2+F3+F4 2912 53.77 91.67 70.10 3560
F1+F3+F4 2864 52.78 91.83 71.64 1987
F2+F3+F4 2848 62.18 92.37 70.03 1988
VGGI19 25088 96.12 97.27 75.57 13,208
ResNet50 100352 08.43 97.60 82.24 15561

5.1.4 OCR Results

After script identification, the next step is to recognize the character corresponding to script

which requires OCR. Three kinds of OCR corresponding to three major scripts i.e. English,

Gurumukhi and Alphanumeric have been designed. To evaluate the proposed OCRs many

performance measures apart from accuracy have been used like: precision, recall, F1 score,

CPU time, validation and training loss. These OCRs are designed using handcrafted and

deep learning features and classifiers.

5.1.4.1 Gurumukhi OCR

This section evaluates the two different kinds of OCRs for Gurumukhi based upon the dataset

i.e. Presegmented characters and composite characters.

1. Pre-segmented Characters: The presegmented dataset has 50 classes of characters

and matras. The traditional feature set is able to recognize this dataset in lesser training
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time Table . From tradtional features, HOG feature set has performed well while, from

deep learning ResNet50 has achieved highest accuracy.

Table 5.14: Results for Presegmented Data

Index Type — —
Precision Recall F1 Accuracy Precision Recall F1  Accuracy

F1 Gabor 43 42 41 41.98 42 42 41 41.59
F2 GLCM 97 96 97 94.78 93 92 92 9191
F3 HOG 97 96 97 96.47 93 92 92 9191
F4 Vggl9 99 99 99 98.95 99 99 99 98.82
F5 ResNet50 100 99 99 9947 99 99 99 99.34
Fo6 LeNet5 95 95 95 9478 94 93 .93 93.08

2. Composite Characters: Composite dataset has two level classification one for char-

acters and other for matras. Here, deep neural networks have performed well in clas-

sifying the complex data. This dataset has greater similarity between the classes as

compared to presegmented dataset. From deep networks, ResNet50 has performed

well at both levels of classification for composite CR. The CPU time needed to train

the composite dataset is two times higher than presegmented data. However once this

training is done, the time for testing the results is almost similar to presegmented data.

The training and validation losses for various deep learning models trained on com-

posite and presegmented dataset are shown in Figures[5.10,[5.11] and[5.12]

Table 5.15: Results for Composite Data Levell

Index Type Precision Recall F1 Accuracy Precision Recall F1 Accuracy
Fl1 Gabor 23 22 22 16.26 24 23 23 2285
F2 GLCM 43 43 42 4337 37 37 37 3742
F3 HOG 56 56 S5 56.23 51 51 S50 51.36
F4 Vggl9 99 99 99 98.72 98 98 98 98.29
FS ResNet50 99 99 99 98.86 98 98 98 98.43
F6 LeNet5 20 19 .19 18.89 26 23 23 22.58
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Figure 5.10: Training and Validation Loss for VGG19 with: |(a)] Composite Levell ;
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Figure 5.11: Training and Validation Loss for ResNet50 with: |(a)l Composite Levell ;
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Figure 5.12: Training and Validation Loss for LeNet5 with: ((a)| Composite Levell ;
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Table 5.16: Results for Composite Data Level2

SVM RF
Index Type — —
Precision Recall F1 Accuracy Precision Recall F1  Accuracy

F1 Gabor 43 42 41 22.11 42 42 41 4145

F2 GLCM 62 62 .62 62.32 57 56 56 56.31

F3 HOG 64 64 .63 64.47 62 62 .61 62.14

F4 Vggl9 99 99 .99 98.57 98 98 98 98.0

F5 ResNet50 99 99 99 99.14 99 99 99 98.71

Fo6 LeNet5 49 48 48 4842 57 58 .56 57.85

5.1.4.2 English OCR

The dataset for English characters have 52 classes containing small and capital letters. Data
augmentation have been used to enlarge the dataset for training of deep neural networks.

Dataset is divided into training, validation, and testing dataset.

Table 5.17: Results for English Data

Index Type — SVM — RE
Precision Recall F1 Accuracy Precision Recall F1 Accuracy

F1 Gabor 17 16 16 16.11 18 16 16 155

F2 GLCM 56 53 53 53.37 42 42 41 41.98

F3 HOG 97 96 96 74.05 93 92 92 9191

F4 Vggl9 91 90 90  90.08 91 91 90 90.71

F5 ResNet50 94 94 94  93.67 95 94 94 9430

F6 LeNet5 73 70 70 70.46 73 70 .69 70.04

5.1.4.3 Alphanumeric Data

Alphanumeric dataset contains data with 22 classes to recognize the numbers and special

characters.

5.2 Results Analysis for Gurumukhi-English script

The results mentioned in chapter 5 depicts the efficiency of proposed methods to handle var-

1ous challenges of bilingual handwriting recognition. The handwritten documents contain
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Table 5.18: Results for Alphanumeric Data

SVM RF
Index Type — —
Precision Recall F1 Accuracy Precision Recall F1  Accuracy

F1 Gabor 51 48 49 48.33 45 43 43 4333
F2 GLCM 87 88 .87 875 86 85 .86 86.66
F3 HOG 76 74 74 76.33 71 70 70 70.04
F4 Vggl9 97 96 96 97.8 96 97 96 96.71
F5 ResNet50 98 96 96 98.67 97 96 96 97.30
Fo6 LeNet5 91 90 90 90.46 89 90 .89 89.45

some skewed text lines also which is the major focus of this work. The proposed algorithm
segments the skewed lines without using any skew correction algorithm. The total of 165
skewed text lines are considered in this bilingual dataset. To find the optimal cut points ver-
tical segmentation algorithm is used. The average accuracy reported for skewed text lines is
89.75% for text with different scripts.

The writing style of many writers consist of closed and touching text lines. Such text lines
have smaller gaps in between the lines. To process such writing styles we have considered
239 closed lines having 117 touching lines also. To segment the touching lines for scripts
having modifiers present in the upper and lower zone is the real challenge. The proposed
approach has achieved the accuracy of 82.9%.

The proposed end point detection algorithm is able to segment the broken, cursive and
skewed words in bilingual text document. The total of 6860 words have been used for seg-
mentation. The proposed algorithm has reported an accuracy of 92.25%.

This character segmentation approach uses single method to segment the text from two dif-
ferent scripts. It has efficiently segmented the closed, touching and skewed characters. Fur-
ther, this approach can segment the characters with header lines. The average accuracy
achieved for character segmentation on bilingual text is 87.25%.

Voting based ensemble classifier combines the complimentary nature of different classifiers.
Table represents the accuracies for various feature sets with voting based classifier for
script identification. Gabor and HOG features have reported highest accuracies for voting
based classifier.For deep networks the accuracy reported for voting based classifiers is lesser

as compared to individual classifier. Hence for ensemble approaches we need weak base
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classifiers.

Composite dataset has two level classification one for characters and other for matras. Here,
deep neural networks have performed well in classifying the complex data. This dataset
has greater similarity between the classes as compared to presegmented dataset. From deep
networks, ResNet50 has performed well at both levels of classification for composite CR.
The CPU time needed to train the composite dataset is two times higher than presegmented
data. However once this training is done, the time for testing the results is almost similar to

presegmented data.

5.3 Error Analysis

This section is dedicated to error analysis, discussing common misclassifications and poten-
tial reasons behind these errors. Figure [5.13|represents some of the common misclassifica-
tion errors for line segmentation. Fig shows the text sample with curved skew and
low quality text. The results for this are not very efficient as in many lines the text received is
not correct and it is over segmented and undersegmented. The potential reason behind this is
that our approach uses projection profiles method which sometime lacks in segmenting the
curved text. In Fig we have sample which includes text with closed, curved, touching
content. In this again we have oversegmentation and undersegmentation errors. The other er-
rors which are not correctly segmented from the segmented text as in second line third word
and similarly in line 3 and 4. In the segmentation process to segment the touching and closed
text when we do partitioning and merging process, that results into such errors. Fig
shows sample where the segmentation process missed out some content. Fig[5.14]represents

the errors during word segmentation. The major reason for such errors (Fig. [5.14(b)| [5.14(b)l

.14(b)) are vertical segmentation during line segmentation phase which leads to such errors

when we merge two stripes again. Some errors like (Fig. [5.14(c) [5.14(e)) are due to low

quality of scanning process. Further, Fig. represents the undersegmentation error
where proposed method fails for disconnected words. Fig [5.15] represents the errors dur-
ing script identification and composite character recognition. These are interrelated as the

errors of script identification process will effect the error of character recognition. As for
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Figure 5.13: Errors for line segmentations

Fig. we have got the right answer for script identification (Fig. [5.14(b)]) but it was

unable to get the composite character recognition. Although the matra was identified correct
but character identified was wrong. The reason for this is the distorted shape of the input
character. Similar case is with Fig. where the input character was distorted, hence it
results into wrong script classification.

The performance of proposed system greatly influenced by the writing styles, camera qual-
ity and background of writers. Hence, in our dataset we have included samples with large
variety including background of users. As in Fig. 5.13, 5.14, and 5.15 we have seen that
the variation in handwriting as well as quality of text highly impact the recognition process.
In Fig. 5.15(a) the script identification results are correct even though the quality of image
and handwriting was not good but for character recognition process it gives errors. Similar,
is the case with Fig. 5.15(f) and Fig 5.15(g). Further, Fig 5.13(a), 5.13(b) and 5.13(c), 5.13
(d) represents the results of writers with different backgrounds and age and paper quality.
Table 5.3 and 5.6 represents the performance of the system corresponding to different kinds

of handwriting styles.
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5.4 Case Study: Testing BHTRforAD framework

The proposed BHTRforAD system is designed to recognize the bilingual text for handwritten
documents from academic domain. The proposed system processes handwritten documents
and recognizes the bilingual text. The GUI for the text recognition system has been designed
using matlab. The details related to the design principles, usability considerations, and how
the GUI facilitates interaction with the system are as follow:

Some of the design principles considered are as :

1. Visibility: In the designed system we have taken care of the visibility principle where
users are able to see the options and features available to them without having to search

extensively. This includes clear labeling, visible icons, and easily accessible menus.

2. Consistency: The designed system follows the consistency as the elements like upload
image, display output within the interface have and look the same across different
screens and sections. Consistency in layout, design, and interaction patterns helps

users navigate the interface more easily.

3. Simplicity: We have tried to keep the interface simple and avoid clutter. We have

removed unnecessary elements and features that might overwhelm or confuse users.
Some of the usability considerations are as:

1. Feedback and Error Prevention: We have designed the interface to prevent errors
whenever possible. But in future our target will be to use descriptive error messages

and provide clear instructions on how to correct them.

2. User-Centered Design: We tried to design the GUI with the end user in mind by un-

derstanding their needs, preferences, and skill levels.

3. Efficiency: We have optimized the interface for efficiency by reducing the number of

steps required to complete common tasks.

4. Visibility of System Status: The output has been displayed of each process which

provides feedback to users about what is happening within the system. We have used
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status messages, and drop down menus to see the outputs which keeps users informed

about the current state of the interface and any ongoing processes.

5.4.1 Test case execution

The test cases are developed to check the various phases of bilingual handwritten text recog-
nition. Numerous test-cases are executed corresponding to each phase and which get failed
are worked upon again. Passed test-cases are presented in the Table [5.19] Test case 1 is
executed to check the line segmentation of handwritten document. In Figure The test
is passed. For testing the skewed text line segmentation, test case 2 has been executed. It
is shown in the Figure So, the document with skewed text is given as input to the
segmentation module. The output of segmented text lines is similar to the expected output.
Hence, the test is passed. Test case 3 is designed to test the word segmentation where text
lines are given as input to the word segmentation module. The output as segmented words is
obtained, which is the expected output. Figure[5.18|shows test case 3 is passed. Further lines
having words with some inter gaps are given to the system in test case 4. The output of this
test results into exact required words as shown in Figure Hence, this test is passed. The
next test i.e. test case 5 is designed for characters segmentation where the segmented words
are used as input. The expected output of test case is the segmented characters. Figure[5.20]
shows output of the test case which is similar to expected. To identify the script of segmented
characters, test case 6 is executed for script identification. The output of this test case is the
required script for text. The output obtained of this test is the required script of text which is

equal to the expected output. Hence, the test is passed.

Table 5.19: Test cases.

Test ID  Test Objective Test Procedure Expected Result Actual Result Status

Continued on next page
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Table 5.19 — continued from previous page
Test ID  Test Objective Test Procedure Expected Result Actual Result Status
1 To test the line Enter the hand- output: seg- output:  seg- PASS
segmentation written document mented  text mented  text
lines lines
2 To test skewed identify the output:  seg- output:  seg- PASS
lines segmenta- skewed textlines mented text mented  text
tion lines lines
3 To test word seg- Enter segmented output: seg- output:  seg- PASS
mentation text lines mented words mented words
4 To test word Enter segmented output: seg- output:  seg- PASS
segmentation of text lines mented words mented words
words with inter
gap
5 To test character Enter segmented output: seg- output:  seg- PASS
segmentation words mented mented
characters characters
6 To test script Enter segmented output: script output: script PASS
identification characters class class
7 To test character Select the char- Output: char- Output: char- PASS
recognition acter recognizer acter class acter class
corresponding to
script class
8 To test the gener- Write the recog- Output: read Output: read Pass
ation of doc file nized text into the doc file the doc file
doc file

For character recognition, another test case is designed i.e. test case 7 to test the character
recognition process. The output of this test case is the recognized character corresponding to

script. The results are shown in Figure Hence, the test is passed. The last test case i.e.
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test case 8 is used to read the recognized characters written in doc file. Figure [5.23] shows

the results of this test case.
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Figure 5.16: Line segmentation of Bilingual document from Academic domain
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Figure 5.17: Line segmentation of skewed text in Bilingual document from Academic domain

uuuuuuuuuuu

Tide

rrrr

Title

” )
o sogmanaten & Ca oAl 2
- s asi-ve  Swa shhsted G

x

!

Figure 5.19: Word segmentation of Bilingual document from Academic domain
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Figure 5.20: Character segmentation of Bilingual document from Academic domain
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Figure 5.21: Script identification of segmented character of Bilingual document from Aca-
demic domain
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Figure 5.23: Read recognized characters

5.4.2 Feedback from potential users

The feedback from potential users has been collected based on these parameters: satisfaction,

ease of use, accuracy, time, languages supported, efficiency of processing documents, and
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some additional features or improvements. The users were satisfied with the performance
of multilingual document recognition system, but the use of system was little complicated
for them as some manual processing is needed. Further, they rated the accuracy good but
time taken to process the documents is high and not satisfactory. For language support,
the system is efficiently supporting all the required languages. Further for curved text, the
system was not performing very efficiently. User manual should be there to guide the user
regrading its working. Proper interface is needed where all the modules should be combined.
The system should recognize the document directly through system i.e. either through PC
camera or through mobile. User should be able to enter the feedback about its use for further
improvements. The interface should provide immediate feedback to user actions. This could
be through visual cues like changes in color, animation, or textual feedback, informing users
about the outcome of their actions. It should reduce the manual work through refactoring of

code, it should display messages for whatever errors are coming.
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Conclusions and Future scope

This chapter concludes the thesis and discusses the scope for future work.

6.1 Conclusion

The major objectives of this research work were to conduct the in depth review of the work
done in the domain of monolingual and bilingual text recognition especially for Gurumukhi-
English script and to propose the domain based bilingual handwritten text recognition system
for the same. To achieve the first objective, an in depth literature review has been conducted
for text recognition for Indic as well as non Indic scripts. Apart from this the review was
conducted corresponding to each phase of text recognition like preprocessing, segmentation,
feature extraction, classification and post processing for monolingual and multilingual text
recognition. The unresolved issues at each phase has been identified and many of them have
been resolved in the current work. Such as, the traditional methods use machine learning and
statistical approaches to recognize the handwritten text, which are not efficient to recognize
the curved, skewed and touching text with large variations in writing styles. Further, the use
of latest approaches like deep learning is not a feasible option for regional languages due to
the large training cost of deep networks and unavailability of diverse datasets for regional
languages especially for Indic scripts etc.

The second objective was to propose a domain based bilingual handwritten text recognition

system for Gurumukhi-English script including alphanumeric and special characters. In this

153
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we have designed a text recognition system for Academic domain as it is the most common
domain where bilingual documents are used. In the research work carried out so far, for
bilingual text recognition of Gurumukhi-English script, printed text using traditional ma-
chine learning models has been widely considered. However, with the help of latest deep
learning based approaches this work presents the domain based bilingual handwritten text
recognition system for Gurumukhi-English scripts. The proposed work considers both the
traditional as well as deep learning methods to design the system for bilingual text recog-
nition of handwritten documents containing Gurumukhi-English script. For segmentation
of handwritten documents simple computer vision approaches have been used without any
trained machine learning models. It helps in reducing the overheads of training a model for
new datasets.

The proposed system considers various sub processes of HTR to process the bilingual docu-
ments like segmentation, script identification and character recognition. Three segmentation
algorithms have been proposed to segment the handwritten documents into lines, words and
characters. All these algorithms have been designed considering the academic domain bilin-
gual handwritten documents. Further, for script identification traditional and deep learning
based models have been proposed. For character recognition, three OCRs have been de-
signed corresponding to the scripts of text i.e., English, Gurumukhi and Alphanumeric. This
work also proposes a new OCR for composite character recognition of Gurumukhi charac-
ters. The composite character dataset with 307 classes has been designed to recognize the
composite characters. The third objective was to implement the proposed system in a usable
form. For this we have designed our own Academic domain dataset of bilingual handwritten
documents. This has been collected from the users of Academic domain with different age
group, professional backgrounds. Further, this dataset can be enhanced to design a bench-
mark dataset for bilingual handwritten text. It can also enhance the further research in the
same domain.

The fourth objective was to test and validate the proposed system. The proposed system
is able to segment the documents with closed, skewed and touching text with an accuracy
of 92.95% for line and 92.25% for word segmentation on bilingual handwritten document

dataset as shown in chapter 5 Table 5.1, 5.2, 5.3. For IAM dataset, the proposed methods
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have achieved an accuracy of 92.95% and 89% for line and word respectively. The script
identification accuracy of 98.61% has been achieved using VGG19 features and bagging-
based ensemble classifier as represented in Table 5.9-5.13. Similarly, for composite char-
acter recognition, accuracy of 98% and 99% for level 1 and level 2 respectively has been
achieved using ResNet50 based features and SVM classifier as represented in table 5.15 and
5.16.

A number of other performance measures like precision, recall, F1 score, detection rate,
recognition accuracy etc. have been used apart from accuracy. The proposed system has been
trained on the bilingual handwritten documents from Academic domain. All the proposed
algorithms and models have been trained on the bilingual handwritten document dataset as
well as benchmark dataset like JAM.

Further, to test the functionality of proposed system, a case study for academic domain docu-
ment text recognition has been performed in section 5.2 of chapter 5. A number of test cases
have been designed to test the performance of proposed system. The results of test cases
have proved the efficiency of proposed system.

The error analysis has also been conducted where we have seen the cases, the proposed
model is not working efficiently. Moreover, the generalization of deep learning models is
still an unresolved problem. As the cost of training the deep learning model is very high
this will effect the applicability of the proposed model. In this research the performance
of system 1is effected greatly with the quality of camera and paper as we are not using any
preprocessing approaches here. So the results of segmentation phase will effect the results
of further processes. As of now, we have implemented a simple GUI, to increase the usage
of the system we need to implement it in the form of a online portal where people can use it.
The latest trends like unsupervised learning, generative adversarial networks, or advance-
ments in neural network architectures can greatly impact the area of text recognition and
processing. For handwriting recognition, the most expensive thing is to find the labeled data
with huge variations. To resolve this issue we can use unsupervised learning for feature
extraction and representation learning which involves training the system on large amounts
of unlabeled data to automatically discover meaningful patterns and representations in the

handwriting. Further to enhance the accuracy of recognition, the power of generative Al
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could be explored such as transformers can be employed for sequence modeling and classi-
fication. Further, attention mechanisms can be used to focus on relevant parts of the input
sequence, making it more effective at recognizing long sequences of handwritten text. GANs
can be employed to generate synthetic handwritten text samples, which can be used to aug-
ment the training data for the recognition system. By training the system on a combination
of real and synthetic data, it can become more robust to variations in handwriting styles and
improve its generalization capabilities. Additionally, GANs can be used for data augmenta-
tion to increase the diversity of the training dataset, which can help prevent overfitting and

improve the system’s performance on unseen data.

6.2 Future Work

Research is iterative and continuous procedure. The work presented in this thesis focuses on
solving the problem of bilingual text recognition of handwritten documents for Indic scripts
using deep learning and machine learning models. There are several directions in which
this research work could be expanded. Some of the suggestions for the future work are as

follows:

1. This research work considers only handwritten documents for text recognition. In
future hybrid documents containing textual as well as non textual data can also be
considered for recognition. These hybrid documents consist of mixed data having

printed as well as handwritten text, multi column text and graphical data.

2. Deep learning based models like generative adversarial networks are highly used these
days for text generation. These models can be used in future to generate the dataset

for regional languages as well as segmentation of documents.

3. This work does not use any kind of language models for post processing of text recog-
nition. These language models can be incorporated in future to improve the recognition

results.

4. The findings of proposed method can be used easily into other domains beyond aca-

demic document analysis, such as legal document processing, historical text digitiza-



Chapter 6 Conclusions and Future scope 157

tion as our segmentation phase is independent to content, script and writing style. The
change comes at classification phase where you need to retrain the models on other
domains datasets. Further, the major change needs at post processing phase, if we are

using generative Al powers then we need to use domain specific content.

5. Some other performance parameters like Levenshtein distance can be used for charac-

ter recognition in future.

6. Further semantic tagging can be used in the restricted academia domain to aid the
natural language processor to determine the context of the current word in the given

sentence.
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