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Abstract

Writer verification plays a pivotal role in various domains, including forensics,
document analysis, and biometrics. In this study, we explore the difficulties of
the Bangla script’s complex structure and various writing styles, suggesting a
new way to overcome them. The system’s architecture combines advanced image
pre-processing techniques with machine learning algorithms, facilitating precise
verification of individual writers. A new dataset of handwritten Bangla sam-
ples is utilized to train the model. The proposed system demonstrates promising
accuracy rates and highlights its potential for real-world applications. This contri-
bution improves the study of document analysis and writer verification, especially
regarding the complexities of Bangla scripts. The introductory chapter establishes
the significance of writer verification and outlines the research objectives. Chapter
2 conducts an exhaustive review of existing literature, encompassing both online
and offline features and introduction of multi-level scripting approach. Identify-
ing and verifying a person based on scanned images copy of their handwriting
is a needful biometric application in historical document analysis, behavioral bio-
metrics study, forensic science, access control, graphology, and copyright man-
agement. Writer identification and verification are still challenging in offline and
online handwriting recognition analysis. Since the performances of handwriting
biometric identification and verification systems depend on both the quality and
types of chosen features, this is one of the most critical phases. This chapter repre-
sents a literature survey on offline and online biometric features used in different
scripts for writer verification and identification techniques. Several previous ef-
ficient works on online and offline writer authentication methods for biometrics
using cutting-edge hand-crafted features in different levels of handwriting analy-
sis like documents, paragraphs, words, and characters are analyzed systematically
to date for the first time in detail. Chapter 3 explores dataset analysis and creation,
finding gaps in existing resources, and introducing a new dataset created for the
research. In details chapter 4, we explore the important role of features in figuring
out who wrote a piece of text. We focus on the features that make each writer’s
style unique, covering linguistic, stylometric, and structural traits. We explore
features at different levels in the Bangla script to get a detailed view.

First, we talk about why extracting features is so important in recognizing pat-
terns. We then look at features, like shapes and textures. Shape detection involves
using the Radon Transform, and we also use various texture-based descriptors
at different levels. After that, we dive into using a Genetic Algorithm to pick
out the most important features. This algorithm helps us find the features that
make our model work the best. Finally, we shift to using auto-derived features,
which means letting a computer learn the features on its own. We use different
models like Alex-Net, VGG, ResNet, and Vision Transformer to help us recognize
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Abstract

patterns in handwriting. We explain how these models work and the settings
we use to make them effective. Chapter 5 focuses on how computers can learn
to identify different writers” writing styles using classification algorithms. These
algorithms are like smart tools that can sort and categorize data, helping in tasks
such as recognizing images or analyzing text. Machine learning, a part of artificial
intelligence. It’s like teaching computers to learn from data, recognize patterns,
and make predictions without being told exactly what to do. Machine learning is
used in various areas like recognizing images, understanding speech, and making
recommendations. In the main part of this chapter, we describe about different
machine learning methods. We use tools like Weka to apply these methods to
handwritten script recognition. We explore classifiers like Multilayer Perceptron
(MLP), Support Vector Machine (SVM), Simple Logistic, Sequential Minimal Opti-
mization (SMO), Radial Basis Function (RBF) Networks, and K-Nearest Neighbor
(KNN).

We explain each classifier, like how Sequential Minimal Optimization (SMO)
is good for large feature vectors in handwritten images, or how Radial Basis
Function (RBF) Networks are effective in recognizing patterns. We also introduce
SimpleLogistic, Multilayer Perceptron (MLP), Support Vector Machine (SVM), and
K-Nearest Neighbor (KNN) as different tools for the job. Especially, we look at how
Support Vector Machine (SVM) is useful in telling apart different writers” writing
styles. We use features like word frequencies and sentence structures to train the
SVM model. We measure its success using accuracy and precision metrics. Finally,
we touch on K-Nearest Neighbor (KNN), a simple but effective tool that looks at
the neighbors of a data point to figure out its category. This chapter explores
different tools to find out which ones work best for identifying writers based on
their writing styles.

Chapter 6 address different experimental results. In the first experiment, the
study focuses on offline Bangla handwriting content and evaluates the approach
using specific hand-crafted features with Simple Logistic and RBF networks, SMO,
and auto-derived features using a CNN architecture. The hand-crafted feature set
outperformed auto-derived features, achieving 94.54% average verification accu-
racy on a 100-writer database. Hand-crafted features included Radon Transform,
Histogram of Oriented Gradient, Local Phase Quantization, and Local Binary
Pattern, extracted from inter- and intra-writer content. The Genetic Algorithm re-
duced feature dimensionality and selected salient features using a Support Vector
Machine fitness function. The top five experimental results were obtained from
the final set of optimal features selected by a consensus strategy. Comparisons
with other methods and features have shown satisfactory results.

The second experiment presents a comprehensive methodology that integrates
techniques at the page, line, and word levels to verify the identity of the writer.
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Abstract

A method is developed, leveraging the newly created dataset, JUDVLP-BLWVdb,
which significantly enhances page-level writer verification performance. By em-
ploying the ensemble technique of majority voting, three classifiers (Support Vector
Machine, Multilayer Perceptron, and Simple Logistic) are amalgamated, yielding
a notable 12% enhancement in writer verification accuracy at the page level. This
achievement reaches an impressive 97.62% accuracy across 101 diverse writers.
This paper compares results with state-of-the-art writer verification approaches
and explores deep learning-based methods, including VGG16, ResNet34, and
AlexNet.

Final and last experimental results indicate that the SMO classifier outperforms
other classifiers such as simple logistics and KNN. A novel dataset for writer
verification systems using the tri-script approach is introduced, achieving a peak
verification accuracy of 91.50% through a combination of Radon Transform, HOG,
LBP, and LPQ features. The overall performance of the tri-script approach reaches
91.80%. Furthermore, this study employs the Vision Transformer (ViT) model for
writer recognition, demonstrating the superior performance of ViT when using
tri-level block images of the page.

Lastly, Chapter 7 provides a conclusive summary of the thesis, highlighting its
contributions and discussing potential avenues for future research in the field of
writer verification within Bangla scripts. This structured progression showcases
the evolution of ideas and methodologies, ultimately contributing to the advance-
ment of writer verification techniques, particularly in the intricate realm of Bangla
scripts.
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Introduction

1.1 Introduction

1.1.1 Handwriting Analysis

Handwriting analysis [1], also known as graphology, is the study and interpreta-
tion of handwriting characteristics [2] to gain insights into the personality traits,
emotions, and behavioral patterns of an individual. It involves analyzing various
aspects of handwriting, including letter formations, slants, spacing, pressure, size,
and overall style. Handwriting analysis is often used in forensic investigations to
analyze and compare handwriting samples for purposes such as signature verifi-
cation, document authentication, and suspect identification [3]. Itis also employed
in fields like personnel selection, career counselling, and personal development to
gain insights into an individual’s strengths, weaknesses, and compatibility with
certain roles or professions.

1.1.2 The Internet of Things

The Internet of Things (IoT) encompasses a network of interconnected physical
devices, objects, and systems that communicate and exchange data over the In-
ternet. Equipped with sensors, software, and other technologies, these devices
can collect and share data autonomously, without human intervention. An IoT-
based writer verification system utilizes this technology to authenticate and verify
writers’ identities, ensuring content integrity. This system enhances security and
accuracy across various digital platforms. The IoT enables diverse applications,
such as biometric registration [4], smart devices [5], real-time verification [6] and
multi-factor authentication [7].

1.1.3 Biometric

Biometric authentication is a cutting-edge technology that has revolutionized the
way to verify and confirm individuals” identities. By physical and behavioral
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CHAPTER 1. INTRODUCTION

characteristics, such as fingerprints [8], voiceprints [9], facial features, or even
typing patterns, biometric systems offer highly secure and accurate methods of
identification. Unlike traditional passwords or PINs, biometric data is difficult
to forge or replicate, making it a robust solution for various applications. From
unlocking smartphones and accessing secure facilities to authorizing financial
transactions and enhancing user authentication in IoT environments, biometrics
plays a pivotal role in safeguarding sensitive information and ensuring a seamless
user experience. As the technology continues to advance, biometric authentica-
tion is becoming increasingly prevalent across industries, offering a future where
individuals can confidently and securely prove their identities with just a touch or
a glance.

1.1.4 Behavioral Biometrics

Behavior biometric systems [10] collect and analyze data from various interactions,
such as keystrokes, mouse movements, touch gestures, signature dynamics, and
even the way a person walks. These behavioral patterns are then used to create a
unique biometric profile for each individual. The advantage of behavior biometrics
lies in its ability to provide continuous authentication, as users’ behavior can be
continuously monitored during their interactions with devices or systems, adding
an extra layer of security.

1.1.5 Handwriting biometrics

Handwriting recognition or dynamic signature verification [11], is a behavioral
biometric technology that focuses on analyzing and identifying individuals based
on their unique handwriting patterns. Each person has a distinct way of writing,
including variations in pressure, speed, pen angle, and stroke patterns, making
handwriting an ideal candidate for biometric authentication. Handwriting biomet-
ric systems capture and analyze various characteristics of a person’s handwriting
when they sign their name or write a sample text. The system creates a unique
biometric profile that reflects the individual’s specific handwriting traits. This
profile can then be used for subsequent verification and authentication purposes.

1.1.6 Writer identification and verification

Writer identification and verification are essential processes in the field of biomet-
rics that aim to determine the identity of an individual based on their writing style
or handwriting. These two processes have distinct purposes.

Writer Identification [12] which involves the task of determining the identity
of an unknown writer by comparing their handwriting or writing style with a
database of known writers. It is often used in forensic handwriting analysis to

2 |




1.2. OBJECTIVE

identify potential suspects or authors of anonymous documents. The process
typically involves extracting specific features from the handwriting, such as stroke
patterns, letter formations, and overall writing style, and then comparing these
features with those of known writers to find potential matches.

Another one is writer verification [13] which is the process of confirming
whether a person claiming to be a specific writer is indeed that writer. In this
scenario, a known sample of the writer’s handwriting is compared to a question
sample to determine the degree of similarity. It is commonly used for secure au-
thentication in various applications, such as digital signatures, access control, and
document verification. The goal is to ascertain if the provided sample matches
the expected writing style of the claimed writer. Figure 1.1 shows the outline
of the writer verification system. Both writer identification and verification rely
on behavioral biometrics, as they analyze unique behavioral patterns exhibited
in an individual’s handwriting. These biometric methods are utilized in fields
like forensic investigations [14], law enforcement [15], finance [16], and other
areas where accurate authentication and identification of writers are of utmost
importance. In advanced technologies, including machine learning and pattern
recognition algorithms, have significantly improved the accuracy and efficiency
of writer identification and verification systems, making them valuable tools for
ensuring security and reliability in a wide range of applications.

1.2 Objective

The objective of the thesis is to design and develop a specialized writer verification
system for Bangla handwriting. The thesis aims to address the limitations of exist-
ing systems in dealing with Bangla scripts, by collecting a comprehensive dataset
from native Bengali writers and incorporating deep learning and computer vision
techniques. The developed system will be evaluated and compared to existing
approaches, contributing valuable insights and solutions for writer verification
tasks specific to the widely used Bangla language, with potential applications in
forensic analysis, document authentication, and security-related tasks.

1.3 Research gap

Existing writer verification research has predominantly focused on non-Indian
languages, leading to a scarcity of comprehensive studies specifically tailored for
Indian scripts like Bangla. The crucial research gap lies in the necessity to develop
a specialized writer verification system that effectively addresses the complexities
and unique characteristics of Bangla scripts. While machine learning techniques
have shown promising results in writer verification for non-Indic scripts, their
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Question Document

=

Known Document

Wiiter Verification System

Same Writer verified / not
verified

)
U

N

Database

Figure 1.1: Outline of Writer verification system

application and adaptation for Bangla scripts have been largely unexplored. The
research gap lies in the need to develop and evaluate machine learning models that
can effectively analyze Bangla handwriting patterns and accurately differentiate
between individual writers.

The availability of standard datasets plays a crucial role in training and evalu-
ating writer verification systems. However, the research gap in this field pertains
to the limited availability of publicly accessible Bangla handwriting datasets for
writer verification purposes. Creating and curating a suitable dataset specifically
tailored to Bangla handwriting verification is essential to advance research in this
area.
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1.4. MOTIVATION

In the context of writer verification systems, evaluation metrics commonly
utilized are optimized for non-Indic based languages. However, these metrics may
not be directly suitable for evaluating writer verification in Indic scripts, such as
Bangla. The research gap exists in establishing appropriate evaluation metrics that
can effectively and reliably assess the performance of proposed writer verification
methods specifically tailored for Bangla scripts. Defining metrics that consider
the unique characteristics and complexities of Bangla handwriting is crucial to
ensure accurate and meaningful evaluation of writer verification systems in this
linguistic context. Addressing this gap will contribute significantly to advancing
writer verification research for Bangla and other Indic languages.

1.4 Motivation

The rapid growth of digital communication and information exchange demands
reliable writer verification systems to ensure the authenticity and integrity of
textual content, particularly in multilingual environments.

Bangla is one of the most widely spoken languages in India, witnessing sig-
nificant digital content creation. However, verifying the legitimacy of authors
and their texts in the Bangla script poses challenges. Existing methods for writer
verification predominantly focus on non-Indic-based languages, limiting their ap-
plicability to Indic scripts like Bangla, which requires tailored approaches due to
its unique characteristics and complex graphemes.

This thesis aims to bridge this gap by proposing an advanced system that accu-
rately verify writers in Bangla scripts. Leveraging machine learning and pattern
recognition techniques, the envisioned system will efficiently analyze handwriting
patterns in digital documents.

The research outcomes have potential applications in online content authen-
tication, digital document forensics, and ensuring author credibility in digital
publishing platforms. Additionally, this study will contribute to the field of mul-
tilingual writer verification, benefiting Bangla scripts.

Through this case study on Bangla scripts, seek to enhance the accuracy and
reliability of writer verification systems for Bangla and other Indian languages
facing similar challenges. The implications extend beyond linguistic boundaries,
impacting digital communication worldwide, and fostering trust and credibility
in the digital age.

1.5 Thesis organization

The thesis consists of a total of seven chapters, including the introductory to con-
cluding chapters. Chapter 2 offers a comprehensive literature survey concerning
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the relevant research topic. The literature review covers an analysis of both online
and offline features, encompassing diverse scripting methods. Furthermore, it
provides an overview of the multi-level scripting approach in relation to writer
verification and writer identification efforts. Chapter 3 outlines the publicly avail-
able databases utilized in the field of writer verification, while also identifying
any gaps within these resources. Additionally, this chapter elaborates on the cre-
ation of a dataset for use in my research. The rationale behind developing this
new dataset is also explained in detail. Chapter 4 introduces a approach to en-
hance handwriting verification through hand-crafted features, employing Genetic
Algorithm optimization. Focused on Bangla handwriting, the study showcases
the superiority of hand-crafted features, achieving an impressive 94.54% average
verification accuracy across a dataset of 100 writers. The Genetic Algorithm effi-
ciently reduces the dimensionality of features and selects relevant ones, leading to
significant performance improvements when compared to alternative techniques
and feature sets. In Chapter 5, the challenge of enhancing Bangla handwriting
analysis is addressed, particularly focusing on improving page-level writer verifi-
cation. The proposed integrated approach combines techniques across page, line,
and word levels, resulting in an improvement of nearly 12% to achieve 97.62%
accuracy using an ensemble of classifiers. Comparative evaluations and further
exploration of deep learning underscore its effectiveness. Chapter 6 addresses
the challenge of verifying writers across Bangla, Hindi, and English scripts. By
combining handcrafted features and SVM classification, the approach achieves
a maximum 91.50% accuracy and an overall tri-script performance of 91.80%.
The ViT model also demonstrates superior performance on tri-level block images.
Lastly, Chapter 7 provides the conclusion and future scope of the thesis.




Literature Survey

2.1 Introduction

The word 'biometrics’ comes from’ bios” (mean life) and ‘'metrics’ (mean measure).
In the last few years, behavioural biometrics had several applications for personal
authentication and are widely used in forensics to detect identity and security
applications. Handwriting biometric systems have mainly two different parts:
verification and identification. In the writer verification phase, a user claims their
identity, and the system checks if the writer is indeed who their claims to be. It
becomes an important task in QDE (Question document Examination) [17]. In
the writer identification system [18], the writer provides a biometric handwriting
sample as a input. The system identifies it among all users who have enrolled
in the system. Although writer verification and identification two are different
problems, there are similarities in data acquisition, interpretation and solution
methodology phases. Figure 2.1 shows the framework of an writer authentication
system [19].

An online system needs special machine-related tools like a digital pen or
tablet to write and automatically digitize handwriting content. However, offline
methods involve our manual tools, pen and paper for writing content. The col-
lected sample was digitized from analogue to the digital process according to the
need of the work. Offline and online approaches used for handwriting document
analysis works with multi-lingual scripts. Offline writer identification and veri-
fication are very complicated compared to the online mode due to the different
factors variations in handwriting style, online and offline media quality, and other
preprocessing methods. Online writer verification and identification systems im-
plemented using spatial, temporal and pressure information [20, 21, 12] of the
writing. An offline system implemented only using spatial information [22, 23].

The signature verification [24] is an essential biometric trait in financial, official
and legal spheres due to verifying a person’s identity. These verification systems
automatically discriminate if the signature sample is valid for a claimed individual.
Otherwise, query signatures are classified as genuine or forgeries. Forgeries are
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Handwriting Sample
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Figure 2.1: Writer authentication system framework

three types: simple, skilled and unskilled. These types of authentication systems

can also have used in hand mobile devices, historical document analysis [25],
writer identification and verification systems [26] and security applications [27,
28]. Different types of people have been involved in these experiments with

these systems to obtain adequate and efficient solutions. Figure 2.2 categorises
different handwriting types. Handwriting biometric analyses are categorized as
writer identification, writer verification and writer analysis. The flow of this

literature survey is presented in Figure 2.2. Offline (pen & paper) and online modes
(writing on electronic devices) are two main categories. Document, paragraph,
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Handwriting Biometric

h 4

Writer Writer Writer
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Document Level Paragraph Level Word Level Character Level

—> Roman/English| | —*Roman/English| —»Roman/English| >Roman/English

> Arabic/Persian | | Arabic/Persian | |—» Arabic/Persian | [» Arabic/Persian

> Chinese —» Chinese | Chinese - Chinese
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Figure 2.2: The survey on different features extracted from different levels of
different scripts

line, word, character, and hybrid level tasks are available in handwritten biometric
analysis, which can be specific to any script or even multi-scripts. The authors
have summed up the methods for feature extraction and classification problems in
this area. Awaida and Mahmoud [29] have mainly included writer identification
and verification systems of Arabic script and Persian (Farsi) script, similar to the
Arabic script. The author Welekar and Rao [30] survey on online and offline writer
identification methods, mainly non Indic script (English and Arabic) and Indic
script (Bangla, Malayalam and Gujrati). They also focus on text dependent and
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text independent writer verification techniques. Girdher and Sharma [31] review
the writer identification system on Indic script. Halder et al. [32] presented a
survey on the different offline state-of-the-art techniques for writer identification
and verification tasks. So, different types of surveys [29, 31, 32, 33] published on the
different segments (related to writer recognition) to cover this domain in past years.
In the past few decades, a plethora of traditional techniques has been identified
in this domain. Nevertheless, the utilization of deep learning approaches in the
writer identification and verification domain has been notably limited [34, 35].The
writer recognition system marked a pivotal moment by introducing the first deep
learning approach, pioneered by Fiel and Sablatnig [36]. Authors worked on
ICDAR, IAM, ICDAR 2011, ICDAR 2013 and CVL databases with a few samples.
Yang et al. [37] worked on online writer identification with automated feature
extraction methods like CNN. They have achieved 99.52% accuracy on the CASIA-
OLHWDBI1.0 dataset with few samples. Noted that the research on deep learning
approach performance does not reach satisfaction. In most cases, deep learning
approaches are too computationally expensive for real applications, while the
traditional counterparts have much lower performance. This paper focuses on
different scripts (non-Indic and Indic) at various levels (document, paragraph, line,
word, and character) and online and offline techniques for writer identification and
verification tasks.

Reviewed the literature on various handcrafted features used in handwriting
script identification and verification tasks. Different types of handcrafted feature
extraction techniques are used in several languages, and this article discusses
the results of these techniques. Our proposed model is also comprehensively
explained in our other positions, which are referenced as [38, 39].

2.1.1 Research Design and Data Collection

This section outlines how this study was planned and how data was gathered.
It explains the careful steps taken to design the research and collect information
systematically to achieve the study’s goals. The complete PRISMA investigation
is illustrated in Figure 2.3, providing a visual representation of the systematic
approach employed in preparing and summarizing the literature.

2.1.2 Standards for identification:

To identify and collect relevant publications for writer verification and identi-
fication, a comprehensive search was conducted on platforms such as Google
Scholar, IEEE-Xplore, ResearchGate, Springer, DBLP, MDP], etc. Specific search
phrases, including “writer detection,” “deep learning-based writer identification,”
and others, were employed to enhance the search performance. Similarly, for
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Summarize and
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Figure 2.3: The systematic journey: navigating identification, selection, and anal-

ysis of publications in the survey

writer identification-related papers, phrases like “writer identification in the wild,”
"writer classification in handwriting images,” and others were utilized.

Selection Criteria:

Papers were chosen through a meticulous screening of keywords and abstracts,

guided by specific considerations

e Techniques employing handcrafted methods for writer verification and iden-

tification,
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e Conventional machine learning-based approaches for writer separation,
e Utilization of deep-learning frameworks for handwriting prediction,

e Implementation of deep learning-based techniques for feature extraction,
writer identification, and verification,

e Approaches involving transfer learning in writer analysis

Following a thorough inspection against these criteria, publications that did not
meet these standards were excluded.

Admissibility Criteria:

Dataset details were cataloged according to the diverse methodologies employed
in handwriting extraction, writer identification, verification, and/or writer recog-
nition/analysis. Publications were categorized based on the datasets used in com-
petitions, whether employing handcrafted, deep learning, or hybrid techniques.
The sequence of publications was organized chronologically, focusing on year-
wise methodological progress. Rigorous examination and summarization of these
works were conducted, culminating in the preparation of a report based on the
observed findings from related studies.

Features at different levels
Document level features:

Tayeb Bahram [40] introduced a technique for writer identification based on hand-
written documents, incorporating Modified Local Binary Pattern (MLBP) and
measurements of Ink-trace Width and Shape Letters (IWSL). The proposed sys-
tem was evaluated on eight established handwriting databases. Remarkably, the
recommended approach achieved the highest performance on six benchmarked
databases, namely KHATT, CVL, Firemaker, BFL, CERUG-CN, and ICDAR2013.
Texture based [41] features are Local Binary Patterns (LBP), Local Ternary Patterns
(LTP), Local Binary Patterns (LBP) and Local Phase Quantization (LPQ) have been
used for writer identification on IFN/ENIT and IAM databases. This study has
encompassed handwritten databases comprising both Arabic and English scripts.
Bulacu and Schomaker [42] have formulated a text-independent method for writer
identification in Arabic handwriting documents. Their approach proves highly
effective, particularly in considering two levels of features: texture level and allo-
graph level, with the extraction of two types of features. Allographs level methods
like shape code-book are used on 61 writers to train, and 350 writers with five sam-
ples have been used in writer verification and identification to tests. Singh et al.
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[43] work on page level Indic script identification in Bangla, Devnagari and Tel-
ugu languages using texture features, namely Gray Level Co-occurrence Matrix.
The accuracy of their identification results reaches 91.48% using the MLP classi-
fier. Obaidullah et al.[44] present an Indic script identification approach using
two convolution-based techniques. Twenty dimensional Gabor and Morphologi-
cal feature vectors have used 157 document images (in Bangla, Devnagari, Roman
and Urdu scripts). Finally, they have reached 94.4% average identification rate on
the test set. Described all of these in the section of Table 2.1,2.2.

In online document level systems, some works have been done in English, or
Roman [45], Arabic [46] and Chinese hand writings [47]. The PDM technique [47]
has focused on the variations in parametric shape forms. They have used the
sum of the eigen modes as a similarity metric. The PDM approach has worked
in two-mode steps. Mode one is the alignment training data necessary to remove
the shape variations due to affine transformation. Principal component analy-
sis is commonly used to reduce the dimension of the feature, but here authors
used the modal analysis to find proper shape variations. Mode one result is bet-
ter than mode two, 97.3% accuracy as writer identification. Al-Dmour and Zitar
[46] perform an earlier writer identification approach using the images of Ara-
bic handwriting compared to Roman handwriting in a text-dependent approach.
Kameya et al. [48] have presented an online writer verification method based on
the document level method. Their method name is called Continuous Dynamic
Programming, which extracts the features. They have proposed a figure based
online writer verification technique. An end-to-end system called DeepWriterID,
presented by Yang et al. [49], employs a deep convolutional neural network (CNN)
known as DropSegment to address various problems. This method aims to achieve
data augmentation and enhance the generalized applicability of CNN. The exper-
iments were carried out on the NLPR handwriting database, exclusively utilizing
pen-position information during the pen-down state of the provided handwriting
samples. Remarkably, this approach attained new state-of-the-art identification
rates, reaching 95.72% for Chinese text and 98.51% for English text.

Paragraph level features:

Schomaker and Bulacu [50] have created a new technique with connected com-
ponent contours used in uppercase handwritten samples for the offline writer
identification method. This method obtains very high corrected identification
rates. Also, they have used a codebook of connected-component contours. The
signal-to-noise ratio value, as presented by Audrey [51], has been employed in the
paragraph-level feature process for writer identification. Bulacu and Schomaker
[42] introduced a system that evaluates the performance of text-independent Ara-
bic handwriting writer identification methods compared to Western scripts. Their
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experiments, conducted using the IFN/ENIT database, yielded highly effective
results. Lastly, they conclude that combining textural features with allographic
features may get high performance. In the study [52], the authors proposed a
set of novel geometrical features, which included direction, curvature, and tor-
tuosity. They also suggested an enhancement of the edge-based directional and
chain code-based features. These methods were applied to Arabic and English
paragraph-level handwriting, achieving 82% and 87% accuracy on the respective
datasets.

Online paragraph level text independent writer identification approaches have
been experimented with in [53]. Multi-channel Gabor filter has been applied as the
static feature (texture) and dynamic features. They conducted their experiments
on the NLPR handwriting database, involving 55 writers. Another online writer
identification system was proposed by Schlapbach et al. [54]. They introduced
the task of writer identification for online handwriting, captured from images on
a whiteboard. The point-based and stroke based features have been used there.
Gaussian mixture models (GMMs) are used to evaluate their models. They have
archives 98.56% rate of writer identification accuracy on the paragraph level.

Line level features:

Schlapbach and Bunke [55] introduced a text-independent writer verification and
identification system that used six local and three global features based on Hidden
Markov Model(HMM), which acts on handwritten English text lines. A Log
likelihood score has been generated for the writer identification and verification
phases using HMM. These scores are then stored and used to create the rankings for
obtaining results. Chaudhuri and Bera [56] have presented a text line identification
approach based on the interdependency between text line and inter line gaps of
handwritten Indian scripts like Hindi, Bangla, English, and Malayalam etc. Goyal
and Bathla [57] provide a new projection-based approach for line segmentation.
They segment one line into different segments: skewed lines, touching lines, and
upper modifiers in broken parts. This method has been applied to other Indian
multilingual scripts like Devanagari and Hindi. In very recent work, Sulaiman
et al. [58] proposes a combination system of both the hand-crafted and deep
descriptors based Writer identification method to learn patterns of images from
the handwritten dataset. They have worked on three benchmark datasets like IAM,
CVL and Khatt. These proposed methods’ outcome has high capabilities resulting
from both German and English scripts simultaneously on the CVL dataset.

Word level features:

Biometric based writer identification and verification problem is a very active
research area. Author, Chapran [59] introduces a biometrics-related writer identi-
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fication system. Mainly dynamic features and some static features are considered
here. Gradient, structural, and concavity features applied to words of Roman
or English scripts in [60]. Allographs of combinations or words of handwriting
were experimented with in [60] with a writer verification and identification sys-
tem of over 12000 words of handwriting images extracted from 1000 U.S writers.
The method generates very effective results in differentiating handwriting. The
researcher Zhang [61] introduced a novel classifier named the Residual Swin Trans-
former Classifier (RSTC). This classifier is specifically crafted to amalgamate local
and global handwriting styles, generating robust feature representations from in-
dividual word images. The local information is captured by the Transformer Block,
which interacts with individual strokes, while the global information is encoded
using the Identity Branch and Global Block, enabling holistic encoding. To assess
its effectiveness, the proposed method was evaluated on the IAM and CVL bench-
mark datasets, demonstrating its superior modelling capability for word-level
writer identification.

The authors Tomai et al. [62] introduced a segmentation-free approach to word
recognition and built upon the recent success of Convolutional Neural Networks
(CNNs) in handwritten word recognition. They proposed a CNN model for rec-
ognizing offline handwritten Gurumukhi words, leveraging the strengths of deep
learning in image recognition and computer vision. The performance of their
system was remarkable, achieving accuracy rates of 95.11% and 94.96% based on
the partitioning scheme. Pal et al. [63] introduced a dynamic programming (DP)
method with a modified quadratic discriminant function (MQDF), applied to the
street name recognition problem. A dataset consisting of 4450 Bangla handwrit-
ten street names was utilized in their study. The likelihood has computed to get
0.79% error rates. Authors Pal et al. [64] have proposed another work on a postal
automation system for Indian multi-script(English, Bangla and Hindi) and city
name recognition problems. They approach it in two ways, one approach identi-
fies the script to use appropriate OCR, and the second one has proposed a system
to recognize city names. They have applied the water reservoir segmentation
method to the city names divided into characters or parts. Here they have used
64-dimensional features. Finally, 92.25% recognition accuracy has been obtained.
Another stroke-based technique has been introduced in this work [65] on hand-
written Bangla word images. They have considered only two aspects of the word,
namely word length and shape of the word. This experiment generates a 3.8%
error. Halder and Roy [66] introduced a segmentation method applied to uncon-
strained handwritten Bangla words. This method involves dividing the words
into two distinct zones: upper and lower. Initially, they compute a histogram of
the word and subsequently employ a local approach to determine the different
zones of the word. In a related context, Chanda et al. [67] utilized word-wise
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identification methods in two stages for various scripts, including Devnagari, Ro-
man, and Bangla. Hangarge et al. [68] proposed a word retrieval technique based
on directional energy features(Gabor wavelets). The similarity measure technique
cosine distance has applied to between two Kannada words. The achieved results
are respectively 81.25% in terms of average precision, 82.09% for average recall
and 84.53% for F-measure at a threshold of 97%.

An online word level global approach was introduced by Gargouri et al. [69].
They have used different sets of dynamic and statistics features for Arabic words.
Word level features such as point, stroke, space between strokes and the whole
word are extracted. SVM and DTW classifiers are used for final decision making.
Fink et al. [70] proposed a new online approach for the Bangla handwriting word
recognition system. They have used hidden Markov models and compositionally
scripted sub-stroke level features in the Bangla words. Their work compared four
writing models (holistic, combined characters, pseudo-characters and context-
dependent). They have achieved better results for context-independent sub-word
units and used 14073 Bangla online unconstrained handwritten samples of 163
writers.

Character level features:

Aubin etal. [71] use a huge number of numeral image datasets to experiment with
the individuality of numerals for the identification or verification approaches.
Word model recognition (2 global and 72 local) and Gaussian Mixture Models
(GMM) have been used as feature vectors. They used the clusterization method
and measured the discriminability for verification. The structural micro features
[72] are used on three characters (d, y, f) and grapheme "th’. An optimal feature set
was obtained through a neural network and genetic algorithm-based approach. In
this method, twenty-five structural micro-features were extracted from grapheme
samples [73]. The DistAl classifiers achieved an accuracy ranging from 87% to
94% through 5-fold cross-validation. In a different study, Okawa and Yoshida
[74] employed a generic model incorporating pen pressure information for writer
verification. They have discussed intra-person variability effects on the model
performances. Their experiment decreases the geomean error rate from 10.0% to
4.6%. The sample size of their proposed work on 54 writers. Authors Li and
Ding [75] have proposed a character level semi text independent method of writer
verification that deals with the question and reference handwriting. The indepen-
dent text method used directional element features analysis and three different
distance (Euclidean, Manhattan and Chi-Square) metrics to measure the distance
between feature vectors. They have achieved 9.96% of the average equal error rate.
Halder et al. [76] present the individuality of handwritten Bangla numerals using
400-dimensional feature vectors, extracted features from the numeral character
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images. These authors have used LIBLINEAR classifier in the Weka [77] tool to
show Bangla numeral character "five” is more individual than the least individ-
ual "zero’. There was more similarity among the different writers in their work,
and they obtained 96.5% accuracy. In work, [78, 79] present writer verification
and identification of Bangla and Devanagari handwriting script with textual and
gradient based features. Since much research uses multi script online databases
at the character level. Nakamura and Kidode [80] work on individuality analysis
of online Kanji characters. They have selected a string with four Kanji characters,
including most of the basic strokes available on those characters. 1,230 samples
were collected from different male and female persons. They collected different
stroke-related features (like shapes of strokes, the composition of strokes, relative
pen pressure between strokes, writing duration and writing speed). However,
only a few research works are available on an Indic script. Sen et al. [81] work on
an online Bangla 10000 characters dataset and structural and topological features.
Classifier SMO generates 98.5% of recognition accuracy rate combined with the
proposed features in their work. The previous authors” work proposed an offline
writer verification method based on HOG and LBP features [38]. The experiment
was done using 100 writers. Offered a new database with multilingual data in our
previous work, but only used Bangla for executing our last method. 89.62% of
accuracy achieved.

2.2 Summary

Throughout journey toward writer identification and verification automation, dis-
cussed various existing solutions that employ a feature-based approach. In the
current scenario, the standard database’s inadequacy of inter-writer and intra-
writer samples is the primary issue with database design, particularly for the
Indic script. Noticed a dearth of publicly accessible datasets for the Indic script.
As a result, additional work is required to develop additional benchmark
datasets and to conduct research on write identification and verification. Creating
a collection for a hand-written database is a significant undertaking. As illustrated
in Figure 2.4, the majority of experiments focused on writer identification rather
than verification. Several techniques from the literature to create the Table 2.3.
This paper details the process of identifying and verifying writers in terms of
research methods used to produce a satisfactory output. Between 2004 and 2018,
the year depicted in Figure 2.4, a structure-based approach was frequently used.
From 2010 to the present, texture-based approaches have been widely used. It

|17 |




CHAPTER 2. LITERATURE SURVEY

Table 2.1: The document, page, line, word, and character level feature sets are

summarised in detail (section A)

Online Features Used Method Used and | Researchers
and Offline tasks
Script Level
Hamming distance,
Directional, identification and Bulacu and
grapheme, and | verification Schomaker (2007)
run-length PDFs [42]

Document Gabor,GLCM LDC, SVM,' WED A.I-Dmour and
level anc?l K.NN, identifi- | Zitar (2007) [46]
cation

Continuous dy- | Determination  of | Kameya et al.
namic program- | threshold, verifica- | (2003) [48]
ming tion
Curve-based fea- | Neural net- | Namboodiri and
tures work,identification | Gupta (2006) [82]
Allographic Distance Chi- | Bulacu and
squared,identification, Schomaker (2007)
Paragraph and verification [42]
level Point based and | GMM, identification | Schlapbach et al.
stroke-based (2008) [54]
Global and local | HMM,identification | Schlapbach and
. features and verification Bunke (2007) [55]
Line level - -
Local binary pat- | GMM super vector | Sulaiman et al.
tern and CNN and exemplar SVM, | (2019) [58]
identification

was observed that the majority of research on writer identification and verification
has been conducted using traditional algorithms over the years, whereas deep
learning-based approaches made their first appearance in 2015. The traditional
approach to feature extraction and classification is more applicable in real-world
situations than the deep learning-based approach for these problems.
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Table 2.2: The document, page, line, word, and character level feature sets are
summarised in detail (section B)

Online Features Used Method Used and tasks | Author and Year
and Offline
Script Level
SIFT key points | SVM Classifier, identifi- | Kumar et al,
and HOG with | cation (2022)[83]
CNN
Textural PDF and | CNN, MLP, Verification | Adak et al. (2018)
Allographic PDF [84]
features
Word level Histograms  of | Modified quadratic | Pal et al. (2012)
direction chain | discriminant function, | [64]
code identification
Length and shape | HMM,identification Bhowmik et
of the word al.(2012)[65]
64-dimensional SVM, identification Chanda et al.
chain-code- (2009) [67]
histogram
Statistic and dy- | DTW and SVM, identi- | Gargouri et al
namic features fication (2013) [69]
Scalar feature HMM,identification Fink et al. (2010)
[70]
Global and local | K-NN, verification and | Srihari et al.
feature identification (2003) [85]
weighted di- | SVM,verification Okawa and
rection code Yoshida  (2013)
Character histogram,GLCM [74]
level directional ele- | Euclidean distance, | Li and Ding
ment features Manhattan distance | (2009) [75]
and Chi-Square dis-
tance, verification
graphem surface | SVM, verification Aubin et al
gray level distri- (2018)[34]
bution feature
MFFT, MGLCM, | Mahalanobis distance, | Halder et al.
MDCT, 64- | LIBLINEAR and LIB- | (2015a)[78] and
dimensional SVM, verification, iden- | Halder et al.
feature tification (2015b) [79]
HOG and LBP KNN, SMO and | Paul et al. (2021)
MLP,verification [38]
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Table 2.3: A summary of the features, type of work, classifiers, and models used
for writer identification and verification tasks and results.

Author/s | Task Techniques | Features and | Result(% Remarks
Scheme Clas- | Accuarcy)
sifier Used
Tselios Writer Grid based | 28  dimen- | 95.0 Using novel
et al. | Verifica- | approaches | sion  Grid feature  ex-
[86] tion Features, traction
local fea- method
ture like for  writer
orientation, verification
curvature and achieve
and  chain promising
code, SVM result
Abdi Writer Grapheme | Universal 90.02 Archive
and identi- based synthetic for  topl | promising
Khe- fication | approaches | codebooks 96.35for results with a
makhem | and ver- distance, x> | top5 and | large dataset
[35] ification EERis 2.1
Srihari Writer Structure Macro- Identification Do the com-
etal [87] | Identi- based feature, 98.0 parison  of
fication | approach Micro- and  Ver- | the  writer
and ver- feature, ification identifica-
ification ANN 95.0 tion and
verification
Models
Bensefia | Writer Combination Structural, 92.0 Obtained
and verifica- | of  struc- | statisti- promising
Paquet | tion ture and | cal and result and
[13] grapheme | Graphemes, same person
based Edit distance have differ-
approach ent samples
to producing
different
graphemes
that cannot
be matched
the system
Continued on next page
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Table 2.3 — continued from previous page

Author/s | Task Techniques | Features and | Result(% Remarks
Scheme Clas- | Accuarcy)
sifier Used
Bulacu | Writer Texture- Textual and | 98.0%,97.0 | Using ImU-
and identi- based allographic, nipen,
Schomaker fication | approach SVM Firemaker
[42] and ver- and IAM
ification database
and get
promising
results
Bertolini | Writer Texture- local phase | 99.2,95.0 The  same
etal [88] | identi- based quantiza- framework
fication | approach tion, Local using for
and ver- binary pat- two  prob-
ification terns, SVM lems and
achieve the
promising
result
Okawa | Writer Texture Local di- | 96.0 Generic
and verifica- | based rectional model to
Yoshida | tion approache | pattern improve
[74] (LDP), SVM verification
accuracy and
reduce error
rate 10.0 to
4.6
Aubin et | Writer Grapheme | Simple 98 The system
al [34] Verifica- | based Graphemes, did not re-
tion approach SVM quire special

devices for
data ac-
quisition

and achieve
100% success
in  identity
verification

Continued on next page
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Table 2.3 — continued from previous page

Author/s | Task Techniques | Features and | Result(% Remarks
Scheme Clas- | Accuarcy)
sifier Used

Kore Writer Structural | Spatial Do- | 75.89 First  time
and Verifica- | based main, City design  the
Apte tion approach block L1 feature with
[89] distance different ink
width  con-
ditions with
large dataset.
Adak et | Writer Structural macro and | 96.84,86.02 | worked on
al. [90] identi- based ap- | micro, con- | and 68.09, | handcrafted
fication | proach tour hinge | 82.58 and  auto-

and ver- | and Deep | and CNN, derived

ification | Learn- Squeeze net, features

ing based | Xception net,
approaches | VGG-16

Paul et | Writer Texture HOG and | 97.64,98.74, | Archive
al. [38] Verifica- | based LBP, SMO, | 99.2 promising
tion approach MLP, KNN results with a
small dataset
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Figure 2.4: Various feature extraction techniques have been applied to handwritten
images over the past two decades.
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Database

3.1 Introduction

The database plays a crucial role as it serves as a collection of samples used for
training, testing, and evaluation. It includes genuine handwriting samples from
known writers and forged or simulated samples created by individuals attempting
tomimic the handwriting. The database is divided into subsets for training, testing,
and evaluation. Proper data management, including well-organized labelling and
metadata, is essential. The database should be regularly expanded and updated
to incorporate new samples and account for changes in handwriting styles or
forgery techniques. A representative and diverse database is vital for training and
evaluating accurate and reliable writer verification systems.

3.2 Public Dataset

Over the last two decades, there have been extensive digitization projects aimed
at converting paper documents and ancient historical manuscripts into digital
formats. However, the lack of robust the handwritten text recognition solutions
often renders these documents inaccessible. The ability to recognize handwritten
text is crucial for modern document analysis systems. Consequently, there is an
immediate need to provide content-level access to millions of manuscripts, per-
sonaljournals, and large court proceedings. Additionally, developing handwritten
text recognition applications can automate the processing of medical transcripts,
handwritten assessments, and other related tasks.

Online data acquisition mode for document analysis and recognition process
of online identifying or verifying the writer. Handwritten samples were collected
online using upgraded electronic devices to reduce the preprocessing and seg-
mentation errors. But Offline data collection is based on scanned text data and
converted into a computer as an image file. Offline document analysis and recog-
nition are more complicated than online because of dependence factors like hand-
writing style variations, paper quality, preprocessing methods, etc. This section
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Figure 3.1: Samples of online images: (a) IAM English handwriting a database
and (b) Devanagari handwriting database.
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Figure 3.2: Samples of offline images: (a) IAM English handwritten text and (b)
CMATERdDb3.1.3.1 Bangla handwriting database.

summarizes the different online and offline script databases for document-based
biometric analysis. Figure 3.1 and 3.2 presents some sample image of standard
online and offline databases. Some previous research works are depicted in Table
3.1. The tasks undertaken by different previous research papers, along with the
application of well-known online and offline databases, are summarized in Table
3.1. English standard datasets such as IAM [91, 92], Firemaker set [42, 93], and
CEDAR [94, 95, 17] are accessible both online and offline. Standard Arabic lan-
guage datasets, including the IFN/ENIT database [96, 97] and AHDB/FTR [98], are
available in both online and offline modes. Standard Chinese and Indian datasets
are HCL2000 [99], ETL1-ETL9 [100] and ISI [101] respectively. German and English
combined offline dataset is CVL[102, 103].
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Table 3.1: A brief description of multilingual offline and online databases for writer

identification and verification tasks

writer identifi-
cation

Database Name Database Size Task Remarks
IAM (Online and of- | 1. 150 different | 1.Text in- | Compare the
fline )[91, 92, 42, 92, | writers dependent results of
104] 2. 400 writers writer identi- | the experi-
3. 650 writers, | fication and | ments study
two samples per | verification have done
writer system in English
4. 301 writers 2.0ffline script. The
handwriting deep learning
recognition approach has
3.Text- used a short
independent data sample
writer identi-
fication and
verification
4. Text in-
dependent

93, 105]

Firemaker(offline)[42,

1. 250 writers
2. 250 writers

1. Writer iden-
tification and
verification

2. Writer iden-
tification

Bench-mark
Dutch  script
dataset

ImUnipen set (On-
line and offline)[42]

65 writers, two
samples per
writer

1.Character
recognition
2.Analysis of
Line Structure
in Handwrit-
ten Docu-
ments
3.Writer verifi-
cation

English script-
based Bench-
mark dataset

Continued on next page
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Table 3.1 — continued from the previous page

Database Name Database Size Task Remarks
CEDAR (offline)[94, | 1. Cursive hand- | 1. Character | The database
95, 17] written digits and | recognition consists of
characters 2. Hand- | 36 GB of
2. Total of 1568 | writing recog- | English data
pages nition and intended
3. 1,000 writers 3. Writer veri- | to encour-
fication age research
in offline
handwriting
recognition
IEN/ENIT (offline) | 26459 handwrit- | Handwriting | Easy to access
[96, 97] ten words recognition the Arabic
script
AHDB /  FIR | 497 wordimages | The  Arabic | It can freely
(offline)[98] handwritten have accessed
text recogni- | by researchers
tion worldwide
and writer | who are inter-
identification | ested in the
systems Arabic script
CASIA-OLHWDBI1 1. 3,866 classes | 1. Writer | Publicly avail-
(offline and | contributed by | identifica- able and
online)[37, 106, 37] 420 writers tion(online) online  data
2. 1,280 writ- | 2. Writer | collection
ers (online and | identifica- using  Anoto
offline) 3. 420 | tion(online pen by Chi-
writers (online) and offline) nese  script.
3. Writer | Employ deep
identifica- convolutional
tion(online) network

ETL1-ETL9 (offline

and online)[100]

1.2 million char-
acter images in-
cluding Japanese,

Chinese, Latin
and numeric
characters

Offline hand-
written

Chinese char-
acter analysis

the  Chinese
database
have used
for free only
for  research
purposes

Continued on next page
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Table 3.1 — continued from the previous page

Database Name Database Size Task Remarks
Indian database of | 1. 1049 Devna- | 1.Characters Indian scripts,
ISI (offline)[101, 107] | gari writers, 556 | Recognition namely Dev-
angla writers, 356 | 2.Characters nagari, Bangla
Oriya writers Recognition and Oriya, are
2. 50 Bangla basic described
characters
CMATERdb1,2.1 25 men and 15 | Optical char- | It is a bench-
(offline)[108, 109] women, 100 | acter recogni- | mark database
pages in its first | tion (OCR) for research on
version and 50 offline Bangla
pages containing and English
both Bangla and languages
English words
IfN/Farsi-database Total of 600 writ- | City ~ names | A new hand-
(offline)[110] ers produced by | recognition written
7,271 handwrit- Farsi  words
ten Farsi words database s
available for
research and
educational
use.
IRONOFF  (offline | 32,000 characters | Character French script
and online)[111] and 50,000 words | recognition database pub-
licly available
for research.
PE92 (offline)[112] 2350 handwritten | Korean char- | Korean char-
Korean character | acter recogni- | acter image
images  which | tion system database has
size is 100 /spl widely used

times/ 100 with
256 gray levels

so that the
database re-
ceives a fair
evaluation of
its quality.

Continued on next page
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Table 3.1 — continued from the previous page
Database Name Database Size Task Remarks
ICDAR(Offline) [36, | ICDAR-2011(26 Writer identifi- | Improve the
113, 114] writer), ICDAR- | cation result  using
2013(50 writers) deep learning
approach
CVL(offline)[102, 311 writers Writer identifi- | Publicly avail-
103] cation able offline
database and

including

two differ-
ent scripting
languages

employ a
deep learning
approach

Tamil db (offline) | 50 writers Handwritten | Dataset pub-
[115] word recogni- | licly available
tion consists of
only 256 city

names.

The table above (Table 3.1) presents publicly available standard datasets for
document-based biometric analysis, specifically focusing on handwritten text
recognition. Data acquisition methods are categorized into online and offline
approaches. Online data acquisition involves collecting handwritten samples us-
ing upgraded electronic devices, while offline data collection relies on scanned
text data converted into image files. Several well-known datasets, such as IAM,
Firemaker set, CEDAR, IFN/ENIT, AHDB/FTR, HCL2000, ETL1-ETL9, ISI, and
CVL, are available for researchers to use.

Despite the availability of standard datasets, there are certain gaps and limi-
tations that need to be addressed. Particularly, offline datasets present challenges
due to variations in handwriting styles, paper quality, and preprocessing methods,
making recognition more complex. Moreover, there may be a lack of sufficient data
for Bangla languages or scripts, which limits the applicability of existing solutions.

To address these limitations and contribute to the field, this thesis aims to
develop a Bangla offline writer verification dataset. This dataset will serve as
a valuable resource for the research community, enabling the development and
evaluation of writer verification systems for Bangla handwriting.
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3.3 Developed Dataset

3.3.1 JUDVLP-BLWVdb dataset

Introducing a new dataset to address the limitations identified in Section 3.2,
present the Jadavpur University Deep Learning in Vision and Language Process-
ing Bangla Language Writer Verification database (JUDVLP-BLWVdb dataset).
Despite our exhaustive efforts, discovered a lack of publicly available Bangla
script databases. Given the prominence of the Bangla language in various regions
of Eastern India, the absence of a benchmark dataset for writer verification in this
language is notable.

To bridge this gap, meticulously collected the JUDVLP-BLWVdb dataset from
101 native Bengali writers at the document level. Each participant was requested
to reproduce the same content five times using a standard ball pen with either blue
or black ink. The data collection process received valuable assistance from faculty
members of the Computer Science & Engineering Department at Jadavpur Uni-
versity. Multiple samples were obtained from each writer to encompass variations
in their handwriting styles across different instances.

All writers involved in the study were students in the undergraduate engi-
neering department of the Government College of Engineering and Leather Tech-
nology, with ages ranging from 19 to 21 years. The dataset encompasses a total of
488 pages of Bangla script, with contributions from 90 writers, where 5 pages were
provided by each of the majority, 6 writers contributed 4 pages each, 4 writers
contributed 3 pages each, and 1 writer contributed 2 pages. For the experiments,
a total of 3416 lines were selected from the 488 pages, constituting 20,778 words
written in the Bangla script. The JUDVLP-BLWVdb dataset serves as a valuable
resource for the research community, offering a benchmark for writer verification
in the Bangla language. Its meticulous collection and diverse representation of
native Bengali writers make it a crucial addition to the field of deep learning in
vision and language processing.

Figure 3.3 presents a sample data collection form from the JUDVLP-BLWVdb
dataset, which was meticulously designed considering factors such as age, sex,
date, time, and vernacular language. The figure illustrates that while writer 1 and
writer 2 wrote the same content, their handwriting styles differ due to factors like
time, space, mood, and writing speed. Asindicated in[116], the JUDVLP-BLWVdb
dataset comprises offline handwriting samples of the Bangla script, a language
spoken and utilized by a substantial community of over 250 million people. The
Computer Science Department of Jadavpur University played a significant role
in creating this dataset. Psychological factors such as age, sex, date, and time,
which can potentially influence a writer’s handwriting, were meticulously taken
into account during the data collection process for JUDVLP-BLWVdb. During the
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Figure 3.3: Sample images of two different writers taken from JUDVLP-BLWVdb
dataset for writer verification task

data collection, each writer was provided with an A4 size paper and a pen (either
blue or black ink) featuring a 0.5 - 1.0 mm ball-point tip, allowing them to write in
their typical handwriting style. There were no specific restrictions on the writing
equipment for the writers, except for the prescribed ink color and tip size.

The JUDVLP-BLWVdb dataset has been divided into four subcategories:

e First page level: This category contains data at the page level, which includes
information and content specific to each page.

e Second block level: This category includes data at the block level, where
blocks refer to distinct sections or regions within a page.

e Third line level: This category comprises data at the line level, focusing on
individual lines of text within the blocks.

e Fourth word level: This category contains data at the word level, with a
focus on individual words within the lines of text.

Page level and Block level

The text pages of handwritten documents were scanned using an HP LaserJet Pro
M1136 scanner at 8-bit gray levels and a resolution of 300 dots per inch (dpi). This
scanning process resulted in digital text images with dimensions of 2481 x 3507

E3
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Normal distribution of line

& FLSLLSS g

Writers list

Figure 3.4: Normal distribution of sample text image line

pixels. Atthe preprocessing stage, label the digital text image data according to the
writer’s number and set number. The preprocessing process involved converting
the digital colour image into a grayscale image, where pixel values were adjusted
between 0 and 255 to represent their intensities in the colour space. GIMP software
was used to extract the handwritten text content from the grayscale image.

Prior to using the ’crop’ tool on the handwritten text, correct skew of the
grayscale images. The grayscale image was then automatically converted to a
binary image using Otsu’s method to determine the optimal threshold [117]. Next,
the minimum bounding box algorithm, as detailed in [118], was employed on the
binary text image to determine the minimum-area enclosing rectangle.

After extracting the minimum bounding box of the text image, the Gaussian
distribution statistical method was applied to ascertain the line distribution, as
illustrated in Figure 3.4. If the resulting value is 7 using this method, the text
image is divided into a 7x7 grid of rows and columns. Further enhanced the
quality of collected writer samples by applying preprocessing steps as illustrated
in Figure 3.5. Moreover, Figure 3.6 showcases two page-level Bangla scripts.

To ensure text-dependent work, collected the same writing content from dif-
ferent writers at different times and moods, which was validated by handwriting
experts. The dataset was subsequently partitioned into a 2:3 ratio for training and
testing. This involved selecting 3 non-overlapping samples out of 5 for training
and 2 non-overlapping samples out of 5 for testing for each writer. From a total of
488 pages, chose 291 sample pages for training and 197 sample pages for testing.

3
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Figure 3.5: The outline of Data preprocessing and feature extraction steps for
training and testing phases in our proposed framework

Line level

At the line level, 4985 lines of images were utilized for training, while 2896 lines
of images were used for testing. Figure 3.7 presents four line-level images of
Bangla scripts, extracted from the same page-level images depicted in Figure
3.6. To extract the minimum bounding box of the page-level text image, applied
binarization and used horizontal and vertical projection profiles to segment the
lines of text. The preprocessing process is visually represented in Figure 3.5.
Algorithm 1 delineates the process of extracting data from the page level to the
line level.

Word level

Figure 3.8 displays a sample of word-level images extracted from the same lines of
the same page as depicted in Figure 3.7. The line image data underwent Connected
Component Analysis (CCA) to extract individual words. The preprocessing pro-
cessis visually depicted in Figure 3.9. The transition from the line level to the word
level is detailed in Algorithm 2. Specifically, at the word level, I used 27,400 sam-
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ples of word images for training and 18,200 samples of word images for testing.
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Figure 3.7: Line-level samples extracted from the same page (Figure 3.6) of the
JUDVLP-BLWVdb dataset, the top two lines written by Writer 1 and the bottom
two lines written by Writer 2 in Bangla scripts

I GG o i I
O¥Y vdvas s s3CH | ST

Figure 3.8: Word-level samples extracted from the same page (Figure 3.6) of the
JUDVLP-BLWVdDb dataset, the top row with 5 words written by Writer 1 and the
bottom row with 5 words written by Writer 2 in Bangla scripts

3.3.2 JUDVLP-TLWVdDb dataset

The Jadavpur University Deep Learning in Vision and Language Processing Tri-
language Writer Verification Database (JUDVLP-TLWVdb dataset) has been cre-
ated for handwritten tri-script writer verification. India, being a highly multilin-
gual country, has over a dozen different spoken languages. Hindi and Bengali
are two of the most extensively spoken languages in India, alongside the official
use of English. As far as we are aware, there is currently no benchmark dataset
publicly available for tri-language writer verification. Therefore, created a new
offline handwritten tri-language database, as shown in Figure 3.10. The dataset
comprises samples collected from 31 Indian writers at the document level. Al-
though all writers are native Bengali speakers, they are also fluent in Hindi and
proficient in reading and writing English. Each writer was instructed to write the
same content in multiple languages five times using a standard ball pen with blue
or black ink during the data collection phase. The faculty members of Computer
Science and Engineering Department at Jadavpur University assisted in collecting
this dataset. For text-dependent analysis, the same writing content is in multiple
languages at different time intervals. Each writer was provided with A4 size paper
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Algorithm 1 Pseudo-code of Line extract from page image

Input: Page level image im
Output: Line level image
input < READIMAGE(im)
[im1, theta] < SKEWCORRECTION (input)
if Imagesize(im1) == 3 then
im « ConvertRGBtoBinary(im1)
end if
[rs, cs, no.ofcolorbands] « size(im1)
. if (Numbero fcolourbands) > 1 then
iml « iml(:,:,2)
: end if
: VF « sum(iml,a) > create the projection profiles if a is 2
: R« VF<v > v range 1300 to 1700
: Toplines < Find(dif f(R) == 1)
: Bottomlines « Find(dif f(R) == —1)
: fork=1,....,Ndo

RN S A L RS S e

e el
= W N = O

15: Toprow « Toplines(k)

16: Bottomrow « Bottomlines(k)

17: Thisline « Image(Toprow : Bottomrow, :)

18: if (Rowsofline) < b then > Here b value is 10
19: Continue

20: end if

21: s « saveimage(k)

22: HP « sum(thisline, 1)

23: ke—k+1

24: end for

and a pen for writing, without any restrictions on the choice of writing equipment.
To ensure uniformity and consistency, designed a data collection form and used
multi-script text containing the same meaning for the experiments. In our ex-
periment, considered various factors such as age, sex, date, time, and vernacular
language. The dataset distribution for the experiment is as follows: a total of 443
pages (148 pages in Bangla + 147 pages in Hindi + 151 pages in English) from 31
writers.

3.3.3 Data preprocessing

All the handwritten document text pages are scanned by a scanner (HP Laser]et
Pro M1136) at 8-bit gray levels with 300 dpi (dot per inch) to produce 2481 x 3507
dimension digital text images. Label the digital text image data as per the writer’s
number and set the number at the preprocessing stage. To convert a digital colour

Ed
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Algorithm 2 Pseudo-code of Word extract from Line image

Input: Line level image im

Output: Word level image

input < READIMAGE(im)

[im2, theta] < SKEWCORRECTION (input)

[row, col, colorbands] « size(im2)

[pixelcountgraylevels] < CreateHistogram(im?2)

Binaryimage « im2

SE « MorphologicalOperation(’Line’, len, deg)

BI « Dilate(BI, SE)

BI « ConnectComponent(BI, pixel)

M « 8ConnectComponentProperty(BI, Area, BoundingBox)

. M « [M.Area]

: fork=1,...,Ndo

ThisBoundingBox < M(k).BoundingBox

ThisWord « CropImage(im2, ThisBoundingBox)

[row, col, colorbands] < size(ThisWord)

if (Col) < b then > Here b value is 50
Continue

end if

s « saveimage(k)

: end for

e e el e e e e
O PN TR 2D

image into a grayscale image, the pixel values are adjusted within the range of 0 to
255 based on their intensities derived from the colour space. Use GIMP to extract
the handwritten text content from the grayscale image. Before using the ‘crop’ tool
on the handwritten text, correct skew of the grayscale images. After the grayscale
image is obtained, it can be automatically converted into a binary image using
the threshold acquired through Otsu’s method [117]. Then apply the minimum
bounding box algorithm [118] on the binary text image to find the minimum-area
enclosing rectangle. Figure 3.11 shows the block level tri script sample data.
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Figure 3.10: Sample database images for (a) writer 1, (b) writer 2

Figure 3.9: Line and word extraction from a page-level sample in the JUDVLP-
BLWVdb dataset
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Figure 3.11: Block level tri scripts sample data
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Features

4.1 Introduction

Features are essential for writer verification because they serve as the building
blocks for differentiating one author’s writing from another. Feature extraction
plays a crucial role in pattern recognition problems, as it facilitates the transfor-
mation of raw data into a more condensed and meaningful representation. In
this study, multilevel document features and block features of the page level in
the Bangla script were employed. This approach encompasses the extraction of
features at various levels, including page level, line level, and word level. Each
level captures distinct characteristics and patterns inherent in the document.

4.1.1 Hand Crafted Feature

In this thesis, we have used shape-based and texture-based features. In Chapter 2,
after reviewing the literature, we have identified features that have been employed
in writer verification, and these features have demonstrated effective results.

Shape detection

To compute the Radon Transform, the projection of the page-level and word-level
images is determined from a specific direction. This is accomplished by rotating
the image around its center to generate various angles. The projection is then
computed using Equation 4.1 for a two-dimensional binary image f(x, y) [119]:

R(r, O)[F(x, )] = Ioo ﬁw f(x, y)o(r — Ox cos O — ysin 0), dx, dy 4.1)

In this equation, O represents the rotational angle, and the maximum value of the
Radon Transform angle O falls within the range 1 < 0 < 180. As a result, the

r

feature dimension for our experiment is 180-D.
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Texture base descriptor

Writer verification is referred to as a binary classification problem. The model is
designed to address a handwriting document’s question, which is to determine
whether it has been written by the same writer or a different writer. To tackle
this challenge, we have extracted various texture-based handcrafted features, in-
cluding HOG (Histogram of Oriented Gradients), LBP (Local Binary Pattern), LPQ
(Local Phase Quantization), GLCM (Gray Level Co-occurrence Matrix), DWT (Dis-
crete Wavelet Transform), and Gabor filters, at the block level of a page, page level,
line level, and word level. These features are also utilized in tri-script documents.

e Radon Transform The Radon Transform feature calculation begins with the
determination of the projection of an image from a specific direction. Differ-
ent angles have been generated by rotating around the center of the image.
The projection is followed by the equation 4.2 of a two-dimensional binary
image f(x, y) [120] as shown below.

R(r, O)[F(x, )] = j:oo Im f(x, y)o(r — Ox xcosO — y sin Odxdy) (4.2)

Here, O is the rotational angle, and we ensure that the maximum value of
the Radon Transform angle, 0, stays within the range 1 < 6 < 180. The
dimension of the feature is 180-D for the experiment.

e Histogram of Oriented Gradients Histogram of Oriented Gradients (HOG)
[38] is a powerful feature for pattern recognition tasks. The image gradient
is calculated for each pixel. This feature is shown in Equations 4.3 and 4.4.

dp=1(p,q) - I(p - 1,9) (4.3)

dg=1(p,q) - I(p,q-1) (4.4)

Following that, it is necessary to calculate the gradient magnitude v and
orientation 6 as outlined in Equation 4.5.

d
v=Jp*+4% 0 =tan” 1(d—Z) (4.5)

Each image block is scaled to a resize of 64 X 64 pixels before applying HOG
features in our work. We have computed HOG features for the tiny fragment
of handwritten text using 3x3 HOG windows. This feature dimension is 81-
D. We are using nine rectangular blocks per image and 32 bin histograms per
block. The nine histograms, each consisting of nine bins, are concatenated
to produce an 81-dimensional resulting feature for each image. Figure 4.1
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illustrates the output angle and magnitude of the input image.

HOG
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Figure 4.1: Output of described HOG feature on block and page image

e Local Binary Pattern In this chapter, propose a curvature free feature for
writer verification based on the Local Binary Pattern (LBP). Apply a grayscale
and rotation invariant texture operator based on Local Binary Patterns [121].
This operator measures the spatial structure of the local image texture. The
operator computes the LBP transformation of the input image. Normalize
each LBP block (block size is 32x32) histogram using the L1 norm. The
obtaining feature dimension is 236-D. Figure 4.2 shows the feature output in
respect of input image data.

e Local Phase Quantization: Local Phase Quantization (LPQ), introduced by
Bertolini [122], serves as a texture descriptor aimed at capturing phase in-
formation from line-level and word-level images, subsequently encoding it
into a binary pattern. This descriptor involves quantizing phase components
obtained from the Short-Term Fourier Transform (STFT) within local neigh-
borhoods. Equation 4.6 defines the computation of STFT over a rectangular
W x W neighborhood M; at each pixel position i in the image f(i).

Fa,i)= Y fl,pe ™ =wlf, (4.6)

yeN;
L5 |
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Figure 4.2: Output of described LBP feature on block and page images

The STFT is implemented using 2D convolution f (i)~/2™"i for all u. We obtain
a more detailed description of the LPQ approach in [123]. These quantized
coefficients are generated in a range of 0-255 integer values using binary
code and accumulated in a 256 bin histogram. The resulting vectors are then
quantized using a scalar quantizer method and accumulated in a histogram
with 256 bins. The presented process generates LPQ features at both the
page block and line levels, each possessing a dimensionality of 256, as illus-
trated in Figure 4.3 for page block level and Figure 4.4 for line level. LPQ
exhibits insensitivity to image illumination changes and global image con-
trast, making it well-suited for analyzing grayscale document images that
may exhibit variations in contrast and illumination. LPQ has demonstrated
promising results in various document analysis tasks, including writer iden-
tification and verification [88], signature verification [124], and multi-script
writer identification [122].

LBP methodology and texture information retrieval from histograms of LPQ
labels computed within local regions are the same. The traditional LPQ
(Local Phase Quantization) works by quantizing the Fourier Transform phase
in local neighborhoods at the block-level image, as shown in Figure 4.3.

e Gray Level Co-occurrence Matrix: Texture features extracted from the Gray
Level Co-occurrence Matrix (GLCM) [125, 126, 127] offer supplementary
insights into the texture patterns present in word-level images. The GLCM

m
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quantifies the co-occurrence of neighboring gray levels within the region of
interest (ROI), generating a square matrix with dimensions equivalent to the
number of gray levels in the image.

In this article, the texture features Homogeneity and Contrast are calculated
using equations 4.7 and 4.8 respectively. These equations quantify specific
characteristics of the GLCM.

: k. 9)
Homogeneity = Z — 4.7)
pq 1+ Ip q'
Contrast = Z lp — qI*k(p, 9) 4.8)

pq

These equations produce texture features that describe the GLCM. In the
context of handwriting analysis, specific writer traces are treated as textures,
and discriminant texture features extracted from the co-occurrence matrix
are utilized. The resulting feature dimension for our experiment is 5-D.

e Discrete Wavelet Transform: In this chapter, the single-level 2-D Discrete
Wavelet Transform (DWT), specifically utilizing the Daubechies Wavelet
[128], is employed. The Daubechies Wavelet serves as a widely used basis
for image decomposition, providing a multi-scale breakdown of the image
at the word level. The 2-D DWT decomposition at level i results in four com-
ponents: the approximation at level i+1 and the details in three orientations
- horizontal, vertical, and diagonal coefficients. These components capture
distinct frequency information, presenting a hierarchical representation of
the image.

Entropy serves as a crucial measure in the decomposition process, with
various types employed, including non-normalized Shannon entropy, log
energy entropy, threshold entropy, sure entropy, and norm entropy. These
entropy measures capture different characteristics of the wavelet coefficients,
enabling the analysis and description of texture information in the word-level
image.

Figure 4.5 illustrates the outcomes of applying the 2-DWT to the input ma-
trix I. In the following expressions, s represents the signal, s; denotes the
coefficients of s in an orthonormal basis, and E is the entropy function. The
non-normalized “Shannon” entropy is one such measure employed in this
context.
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The “log energy” entropy.
E2(s;) = log(s%) (4.10)
The “threshold” entropy. Here P is an optional parameter.
E3(s;) = 1iflsi| > pandQelsewhere (4.11)

The “sure” entropy.
E4(s;) = silog(s?) (4.12)

The “norm” entropy with 1 <p

E5(si) = Isil” (4.13)

Vertical Detail Image

Wl Lowpass Approximation

Original image

10 20 30 40 50 60

Figure 4.5: 2-Dimensional Discrete Wavelet Transform (2-DWT) applied to a word-
level image

e Gabor filter: The Gabor filter bank, utilizing a linear Gabor filter [129],
stands as a texture-based descriptor highly sensitive to image textures with
specific wavelengths and orientations. Widely employed for texture analysis
in image processing, this filter bank extracts texture information at various
scales and orientations by convolving an image with Gabor filters of different
parameters. In the context of line-level data, applying the Gabor function as
a feature allows for the extraction of texture information specific to lines. The
resulting output, as illustrated in Figure 4.6, showcases the response of the
Gabor filter bank when applied to line data, effectively highlighting texture
variations and patterns along the lines. Thus, the Gabor filter bank proves
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to be a valuable tool for capturing and representing texture information
in images. Its application to line-level data is particularly beneficial for
tasks such as line detection, texture-based classification, and other line-level
analysis objectives.

Inputimage

AT i@ 4T Qo 101 vy chvdrd edv

Apply Gabor filter

40 T T

50 100 150 200 250 300 350 400

Figure 4.6: Gabor output at line level image

4.1.2 Feature Selection Using Genetic Algorithm

Genetic algorithms (GA) are commonly used techniques. In our GA implemen-
tation [130], the number of genes represents the total number of features in the
dataset. GA consists of several essential factors, including chromosome encod-
ing, population initialization, fitness function (objective function), selection, and
termination criteria. The objective function evaluates the quality and effective-
ness of each candidate feature subset by assigning a fitness score based on its
performance with a chosen evaluation metric. The genetic algorithm then iter-
atively improves the feature subsets over generations using selection, crossover,
and mutation operations guided by these fitness scores. Filter selection evaluates
the relevance of features independently of the learning algorithm, while wrapper
selection incorporates the learning algorithm itself to evaluate subsets of features.
In the chapter, a wrapper selection approach was employed, which incorporates
the learning algorithm itself to evaluate subsets of features. This approach allows
for the training and testing of the learning algorithm on different feature subsets,
enabling the identification of the optimal subset that maximizes performance. The
detailed implementation of this GA algorithm is shown in [131]. The parameters
for configuring the GA algorithm are presented in Table 4.1.
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Table 4.1: Parameters used in GA for optimum subsets selection from the initial
large number of features

GA Parameter Value
Population-size 50
Chromosome length 753

Population-type bitstrings

Fitness-Function SVM
Number of generations 100
Crossover-Probability 0.8
Mutation-Probability 0.1

EliteCount 2

4.1.3 Auto-Derived Feature

This chapter utilizes a Deep Convolutional Neural Network (DCNN) and auto-
derived features to learn image features for pattern recognition, specifically for
handwriting text images.

e The Alex-Net model is used due to its advantages over Lenet, such as higher
performance and robustness. A simple convolutional architecture of Alex-
Net [132] is used to extract auto-derived features, consisting of a front part
for feature extraction and a rear part for classification. Pre-processing steps
are used to resize the input image to 224 x 224 dimensions and horizontally
flip it to introduce variation. The text is divided into block images, and data
augmentation is performed using 25 and 35-degree flip operations. The Alex-
Net model used for classification has multiple hidden layers, including five
convolutional layers, three max-pooling layers, two normalization layers,
two fully connected layers, and one softmax layer. Table 4.2 shows the
parameter set in Alex-Net. Figure 4.7 has shown our Alex-Net learning
model architecture. Tomitigate overfitting and augment the dataset, various

Table 4.2: Settings for the parameter values of Alex-Net in our model

Parameters Used Value
Number of classes 2
Data augmentation resized to 224 X 224
Number of Epoch 50
Batch Size 1
Number of workers 1
Loss function Negative Log-Likelihood
Optimizer Adam
Classification purpose Softmax function
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Figure 4.7: The architecture of our auto-derived feature based deep learning model

techniques including flipping, jittering, cropping, and color normalization
are employed. This augmentation approach is applied to both our line-level
and word-level data.

e The VGG architecture, specifically the VGG16 variant with 16 layers, which
demonstrated success in the ILSVRC2014 competition [133], was selected
for its uniformity and simplicity. Standardizing input images to a fixed size
of 224-by-224 pixels, the detailed architecture information can be found in
[133]. This architecture is implemented for both line-level and word-level
data in our study.

o The ResNetarchitecture is thoroughly described in [134], utilizing the ResNet34
variant with 34 layers. ResNet34 comprises 3x3 filters of the same size as
VGGNet for CONV layers. This architecture is implemented for both line-
level and word-level data. A learning rate of 0.001 is applied over 100 epochs
in our study.

e Vision Transformer (ViT) model In this thesis, we employ auto-derived fea-
tures in conjunction with the Vision Transformer (ViT) model. This is de-
picted in Figure 4.8. The ViT model is a deep learning architecture that
extends the Transformer model, originally designed for natural language
processing tasks, to computer vision tasks. The introduction of the ViT
model was presented in [135]. Traditionally, convolutional neural networks
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Figure 4.8: Architecture of vision Transformer (ViT) model

(CNNs) have been the prevailing architecture for computer vision tasks,
particularly image classification. However, the ViT model takes a distinct
approach by leveraging the Transformer architecture, which has exhibited
considerable success in natural language processing tasks. The fundamental
concept of ViT revolves around treating an image as a sequence of patches,
with each patch representing a small spatial region within the image. After
extracting patches from the input image, these patches are flattened into a
sequence of 1D vectors. These vectors are then fed into the Transformer
model for further processing.

Transformer architecture incorporates self-attention layers, which allow the
model to focus on various patches and capture their interdependencies.
Moreover, ViT incorporates positional embeddings to encode the spatial
information of the patches, enabling the model to understand the relative
positions and arrangements of the image elements. Here, we employ the ViT-
B model with 16 units for patch embedding. For optimization, we utilize
SGD with a fixed learning rate of 0.05 and a momentum of 0.9. The model
is trained for 130 epochs, with a batch size of 128. The activation function
employed is ReLU, and the training process is parallelized with 32 workers.







Classifiers

5.1 Introduction

A classifier is a computer program or a machine learning model that is used to
categorize or classify objects, data, or inputs into different categories or classes
based on certain features or attributes. Classifiers are a fundamental part of
machine learning and artificial intelligence and are used for various tasks such as
image recognition, text categorization, spam email filtering, sentiment analysis,
and more.

Machine learning is a field of artificial intelligence that focuses on developing
algorithms and models that allow computers to learn from and make predictions
or decisions based on data. It involves training machines to recognize patterns,
make sense of complex information, and improve their performance over time,
without being explicitly programmed for every task. Machine learning has ap-
plications in various domains, including image, writer and speech recognition,
natural language processing, recommendation systems, and predictive analytics,
making it a fundamental technology in today’s data-driven world.

5.1.1 Machine learning Methods

In this chapter, we introduce several machine learning methods that were dis-
cussed in the literature survey chapter. Weka tools [136] were utilized to apply
classification algorithms to the extracted feature information. Several classifiers,
such as Multilayer Perceptron (MLP), Support Vector Machine (SVM), and Simple
Logistic, were employed in this context. Additionally, we employed the Sequential
Minimal Optimization (SMO) model and incorporated the Radial Basis Function
(RBF) network for our analysis, along with K-Nearest Neighbor (KNN). The choice
of these classifiers was grounded in their widespread application across various
handwritten script recognition tasks, encompassing both identification and verifi-
cation, as demonstrated in our study.

EX
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Sequential Minimal Optimization (SMO) Algorithm

The Sequential Minimal Optimization (SMO) method, as introduced by Hassen
[137], is an algorithm specifically designed for efficient processing of large-sized
feature vectors extracted from handwritten images and extensive training and
testing datasets. SMO is well-suited for handling handwritten images with large
feature vector sizes. In our work, we employed the polynomial kernel, as defined
in Eqn. 5.1. In this equation, the polynomial kernel function is denoted as K(x, v),
where p is the degree of the polynomial.

K(x,y) = (x, y)PorK(x, y) = (x,y) + 17 (5.1)

To adapt SMO for our specific task, we tuned the parameter values of the SMO
classifiers. The complexity parameter C is set to 1.0. The batch size value is set to
100.

Radial Basis Function (RBF) Networks

An effective and novel type of feedforward artificial Neural Network is the Radial
Basis Function (RBF) network [138]. RBF network class implements a normalized
Gaussian radial basis function network. The random seed has passed on to K-
Means. The number of clusters is set to 2 for K-Means to generate. The minimum
standard deviation for the clusters is set to 0.1.

SimpleLogistic

SimpleLogistic is a classifier methodology [139] for recent developments using a
linear logistic regression model. In the SimpleLogistic classifier, set the maximum
number of iterations for LogitBoost. This value is 500 for our experiments. For
tiny and large datasets, lower and higher values might be preferable, respectively.
The beta parameter has been used for weight trimming in LogitBoost.

Multilayer Perceptron (MLP)

MLP [140] is a type of artificial neural network with multiple layers of intercon-
nected nodes, which can be used for the various machine learning tasks, including
classification. It is a feedforward neural network, and it’s often employed for tasks
like pattern recognition and classification. Figure 5.1 shows the MLP diagram.

Support Vector Machine (SVM)

SVM [141] is a powerful supervised machine learning algorithm used for classifica-
tion and regression tasks. It works well for both linear and non-linear classification
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Figure 5.1: Multilayer Perceptron model diagramatically using writer verification
method

problems by finding the optimal hyperplane that best separates different classes
in the feature space. In this study, we employed a Support Vector Machine (SVM)
classifier in Weka to analyze writing styles of various authors for writer verifi-
cation. The SVM model, configured with a radial basis function (RBF) kernel
and optimized parameters, demonstrated promising results in accurately classi-
tying the authorship of text samples. Figure 5.2 shows the SVM diagram. The
features extracted from writing, including word frequencies and sentence struc-
tures, played a crucial role in training the SVM model. Evaluation metrics, such
as accuracy and precision, highlight the effectiveness of the SVM approach in
distinguishing between different authors based on their writing styles.

K-Nearest Neighbor

KNN [142] is a simple but effective instance-based learning algorithm used for
classification and regression. It classifies data points based on the majority class
of their K nearest neighbors in the feature space.

5.1.2 Deep learning Based Methods

In deep learning Methods, the softmax function is typically used as the activation
function in the output layer for classification purposes. The softmax function
is employed to convert the raw output of the neural network into a probability
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Figure 5.2: Support Vector Machine (SVM) model diagramatically using writer
verification method

distribution over multiple classes. This is crucial for binary-class classification
tasks.

The softmax function is applied in the context of AlexNet: The final fully
connected layer in AlexNet is the classification layer. This layer has P neurons,
where P is the number of classes in the classification task. The output of the i — th
neuron in the classification layer before the softmax activation is denoted as y;.

Soft o 5.2
oftmax(y;) 2?21 7 (5.2)

Here, ¢¥' is the exponential function, and the denominator is the sum of the
exponentials of all the neuron values in the classification layer. The result of
the softmax activation is a probability distribution over P classes. Each value
represents the probability of the input belonging to the corresponding class.

Many other convolutional neural networks (CNNs) like VGG16 utilize the
softmax function for classification purposes.

ResNet34 also used softmax function 5.2 for image classification. ResNet34 has
34 layers and these layers include residual blocks.

The Vision Transformer (ViT) architecture uses a transformer-based approach
for image classification. Unlike traditional convolutional neural networks (CNNs)
where convolutional layers are the primary building blocks, ViT relies on self-
attention mechanisms present in transformers. Here’s an overview of the classi-
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fication process, including the softmax function 5.2, in ViT. the softmax function
in ViT is applied to the output of the final fully connected layer, converting it into
a probability distribution suitable for binary-class classification. This probabil-
ity distribution is then used for loss calculation during training and for making
predictions during inference.







Result and Analysis

6.1 Experimental Setup

The experiments were conducted using MATLAB R2017b on a system equipped
with an i5-8250U core processor clocked at 1.60 GHz and 8 GB of RAM. In ad-
dition, for ViT, AlexNet, ResNet34, and VGG16 experiments, we utilized Pytorch
on a computer with an Intel Core i5-9300H processor clocked at 2.40 GHz, x64
architecture, 8 GB of RAM, and a 32.51 GB GPU.

For simulation, we employed the WEKA 3.6 version [143], which offers various
machine learning algorithms for easily computing results from learning methods
on any dataset. We used the newly developed JUDVLP-BLWVdb and JUDVLP-
TLWVdb datasets for our experiments. Common shallow learners were employed
as classifiers in our study, encompassing Sequential Minimal Optimization (SMO),
K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Multilayer Percep-
tron (MLP), and simple logistic regression. These classifiers were utilized to eval-
uate different levels of text, including page, line, and word. This chapter presents
three different types of experiments conducted on both the JUDVLP-BLWVdb and
JUDVLP-TLWVdb datasets.

6.1.1 Experiment Setup on JUDVLP-BLWVdb dataset

In the page and block level experiment, used the newly developed JUDVLP-
BLWVdb dataset for this experiment. The dataset was distributed as follows: a
total of 500 pages from 100 writers, with every writer having 5 samples. The dataset
JUDVLP-BLWVdb was distributed as follows: a total of 500 pages from 100 writers,
with every writer having 5 samples. For training, non-overlapping 3 samples were
selected (i.e., 100 writers x 3 samples), and the non-overlapping 2 samples were
selected for testing (i.e., 100 writers x 2 other the non-overlapping samples). For
verification work, randomly selected writers have the same number of sample
image distributions done at the train and test phases. For block-level training
data, each writer had 147 block images (i.e., 49 blocks x 3 samples), and randomly

| 59 |




CHAPTER 6. RESULT AND ANALYSIS

selected writers had the same number of block images. In the training phase, we
utilized 29,400 block images (i.e., (147+147) x 100 writers) for experimentation.
During the test phase, a total of 19,600 block images (i.e., (98+98) x 100 writers)
were used for experimentation. Therefore, the distribution of page and block-
level data was in a ratio of 3:2. The outline of the proposed method, as depicted
in Figure 6.1, consists of the following phases: first, the collection of handwriting
samples; second, the pre-processing of data; third, the extraction of features and
the combination of these features; fourth, the use of a GA-based algorithm to
obtain optimum features; and lastly, the description of classifier schemes. For
this experiment setup, five samples of writer data into non-overlapping three
for training samples and two for testing samples. In our previous work [38] we
maintained a 3:2 division of training and testing samples over a block-level and
page-level dataset. We have chose this ratio to allocate a larger portion of the data
for training, ensuring sufficient data for learning complex patterns and improving
the performance of the model. The remaining portion was then used for testing
to evaluate the model’s generalization and performance on unseen data. For pair
writers, randomly selected non-overlapping writer data of the page level and the
block level. A genetic Algorithm is used to reduce the dimensions of the features,
which produces optimum numbers of selected features to enrich the results. This
procedure is performed on both a block-level and page-level dataset. Ultimately, a
classifier based on these features has been constructed using cost-sensitive learning
with Simple logistic, SMO, and RBF networks.

6.1.2 Experiment Setup on Multilevel JUDVLP-BLWVdb dataset

In this experimental setup, depicted in Figure 6.2, we outline the framework of our
proposed writer verification approach applied to the JUDVLP-BLWVdb dataset.
The approach involves four primary steps: pre-processing of sample data, feature
extraction, classification, and majority voting. The majority voting process is
conducted at each multi-level of the document and across all multi-levels to arrive
at a final decision. The initial step encompasses data collection and scanning at 300
dpi to generate digital text images with dimensions of 2481 x 3507. These images
undergo transformation into multi-level data for analysis, including page, line,
and word levels. The process initiates by converting a sample color data image
to grayscale, followed by skew correction. Subsequently, the resulting image is
binarized using Otsu’s method [117]. To extract the minimum-area enclosing
rectangle for page-level text image data, the binary text image data undergoes the
minimum bounding box algorithm [118]. After the extraction of page-level data,
line-level data is obtained from the page data image using a vertical projection
profile. From these lines, word-level data images are further extracted using
morphological operations and connected component analysis. In the second step,
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Figure 6.1: (a) The outline of the proposed writer verification framework and (b)
is the sub-part of the figure (a)

textual features are generated for the data at the page, line, and word levels, with
each level having its distinct feature vector. Proceeding to the third step, writer
classification is performed utilizing Support Vector Machine (SVM), Multilayer
Perceptron (MLP), and simple logistic regression to verify different levels of text,
encompassing page, line, and word. The fourth and conclusive step involves a
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majority vote, where the verification predictions of writer samples at the page,
line, and word levels are consolidated.

6.1.3 Experiment Setup on JUDVLP-TLWVdb dataset

In the final experiment, we utilized the newly developed JUDVLP-TLWVdb dataset.
The dataset distribution for this experiment is as follows: a total of 443 pages,
comprising 148 pages in Bangla, 147 pages in Hindi, and 151 pages in English,
all from 31 different writers. The ratio of training to testing data in the JUDVLP-
TLWVdb dataset is 3:1, and training and testing data samples do not overlap.
Non-overlapping writer pairs are selected for both the training and testing data
distribution. Figure 6.3 shows our proposed model. After the pre-processing
steps, the text image is divided into 16x16 rows and columns, following the origi-
nal ViT architecture, where the input image is divided into fixed-size patches. In
total, 256 blocks are formed on every page. In the training set, an average of 2014
block-level data are considered, while in the test set, an average of 1236 block-level
data are considered.

6.2 Experimental Results

6.2.1 Result on JUDVLP-BLWVdb dataset

To evaluate the effectiveness of this proposed method for text-dependent writer
verification, compared the results with a features combination model. Table 6.2
summarizes the proposed model computational time and performances, which
show that the SimpleLogistic classifier achieved an average performance of 89.63%
and 78.66 % for 50 writer’s block and page images, and 89.76% and 81.02% for
100 writer’s block and page image respectively. However, the performance of the
page image dataset was lower than that of the block image dataset, which could
be due to the small size of the training and testing data. Therefore, the Genetic
Algorithm for feature selection could not be applied to the page image dataset of
JUDVLP-BLWVdb. The SMO classifier performed better than the SimpleLogistic
and RBF network classifiers, and the accuracy increased as the number of writers
increased for all classifiers.

To reduce computational time and memory space, reduce the dimensionality
of the combined feature attributes. Table 6.3 summarizes the results, which show
reduced the block image dataset features from a large dataset of size 753-D to
50% using a Genetic Algorithm. SMO achieved the best performance, with an
average accuracy of 94.06% and 94.05% for 100 writers and 50 writers, respectively.
SimpleLogistic and RBF achieved lower accuracies. The results also show the same
trend in Figure 6.4. With an increase in the number of writers, the verification
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Figure 6.3: Block diagram for the proposed multi-script writer verification system
framework

performance also increased. To obtain the best result, utilized the SMO classifier
and employed a five quality consensus [144] by selecting the five optimal sets of
features through five different runs of GA. The best five results were then obtained
using the SMO classifier. Table 6.4 shows that the maximum writer verification
accuracy of 94.54% with 724 features was achieved in the quality four consensus.
Therefore, GA produces maximum writer verification performance using the SMO
classifier. A single quality consensus generates a maximum verification rate of
94.54% for the best five runs using the SMO classifier only. In summary, evaluated
auto-derived feature-based writer verification methods and obtained results on
two types of samples: data block images and page images, as shown in Table
6.5. Used a learning rate of 0.001 for 100 epochs. The results for the block image
JUDVLP-BLWVdb dataset in Table 6.5 were better than those for the page image
JUDVLP-BLWVdb dataset. On average, the computation time of AlexNet at the
block level is 11.66 hours with 100 epochs, while the computation time at the
page level is, on average, 5 hours with 100 epochs Due to the limited number of
handwritten samples per writer, the result did not improve using auto-derived
features compared to handcraft features.
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The results for various state-of-the-art methods and benchmark datasets are
listed in Tables 6.6 and 6.7. Table 6.6 lists the writer verification performance
when applied to different standard writer verification datasets. Table 6.7 shows
the performances of various models on the JUDVLP-BLWVdb dataset. The scale-
invariant feature transform was evaluated using GA dimensionality reduction,
resulting in a reduction of less than 50% at both the block and page levels of the
JUDVLP-BLWVdb dataset. The average accuracies obtained by using the scale-
invariant feature transform were 60.03% and 57.33% at the block and page levels,
respectively. Additionally, the graphemes feature was evaluated using GA dimen-
sionality reduction at the page level of the JUDVLP-BLWVdb dataset, yielding an
average accuracy of 58.65%. The computation time required for training the long
short-term memory network at the block level was 9.83 h after 130 training epochs
at a learning rate of 0.05 and the batch size of 128. On average, the long short-term
memory network achieved an accuracy of 73.64%.

This performed n-fold cross-validation on the entire dataset. As in our data,
we had five sets of samples per writer and performed from three to five folds
using the SMO classifier. The SMO classifier was selected given its superiority
over other classifiers, achieving 94.55% (94.37%) accuracy in five fold (four fold)
cross-validation. Table 6.1 lists the results of n-fold cross-validation using the SMO
classifier. The results were comparable to those obtained in our training and test
model.

Table 6.1: Verification performance for n-fold cross-validation on entire dataset.

No. fok.:ls fc?r Precision | Recall | F-measure Accuracy
cross-validation (%)
3 94.10 94.06 94.05 93.08
4 94.40 94.38 94.38 94.37
5 94.57 94.60 94.56 94.55

Statistical Significance Test

The experiments evaluated two systems. Model 1 incorporated GA-based feature
selection with the SOM classifier and achieved higher average results than the other
two classifiers. Model 2, on the other hand, used the SOM classifier without GA-
based feature selection. Both models represent the average results obtained from
100 writers. Applied these models on block image data and obtained accuracies
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Table 6.2: Performance of block and page level image dataset

s 50 writer 100 writer
Classifier o o
accuracy (%) accuracy (%)
Name
Comp- Comp-
Block | Page | Block | utation | Page | utation
image|image |image| time |image| time
(seconds) (seconds)
Simple | o9 63 | 56.12 | 8881 | 1.63 | 7189| 0.046
Logistic
SMO | 89.38 | 78.66 | 89.76 0.06 81.02 | 0.016
RBF 78.84 | 68.22 | 78.38 | 6.25 71.89 | 0.027
network

kY

85
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Apply feature seclection on cell image With out features selection on cell ‘With out features selection on text
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©
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classifiere list
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Figure 6.4: Comparison of two datasets, namely as the block and page image
dataset results

Table 6.3: Performance of the block image dataset with GA method

e 50 writer 100 writer
Classifier Name o o
accuracy (%) | accuracy (%)
SimpleLogistic 93.56 93.71
SMO 94.05 94.06
RBF network 81.53 81.30
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Table 6.4: 5 quality consensus result based on the best five experimental results of
features selected by GA using SMO classifier

N-Quality | Optimal No. | 100 Writer Verification
Consensus | of Features accuracy (%)

1 Consensus 724 94.54

2 Consensus 165 91.69

3 Consensus 92 90.53

4 Consensus 49 88.19

5 Consensus 22 79.94

Table 6.5: Auto derived feature based average writers verification results on the

block image and text image JUDVLP-BLWVdb dataset

Dataset 50 writer 100 writer Computatlon
Name accuracy(%) | accuracy(%) time
hours
Block image 80.68 78.58 11.66
Page image 69.08 68.00 5

Table 6.6: Comparison chart of writer verification performance applied on different

standard writer verification datasets

Sl Dataset Name Methods Accuracy(%)

1. | Halder et al. [145], 2014 | Proposed method 89.85
Brazilian Forensic

2. Letter [146], 2011 Proposed method 93.26

3. JUDVLP-BLWVdb Proposed method 94.54

Table 6.7: Writer verification performance of different methods applied on
JUDVLP-BLWVdb dataset

Sl. Dataset Name Methods Acc(z};r)acy
Halder et al.

1. | JUDVLP-BLWVdb method [147], 2016 63.68

Hanusiak et al.

2. | JUDVLP-BLWVdb method [146], 2011 80.44
Aubin et al.

3. | JUDVLP-BLWVdb method [35], 2022 85.29

4. | JUDVLP-BLWVdb | Proposed method 94.54

of 84.61% and 83.81% for Model 1 and Model 2, respectively. To demonstrate the
significance of the performance gain resulting from GA-based feature selection,
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the McNemar test.

The estimated test value is greater than the critical value of 3.84 at a 95% confi-
dence interval, therefore reject the null hypothesis and conclude that two methods
have statistically significant differences in their performances. The differences
in solutions between methods are said to be statistically significant at the 0.05
significance level.

6.2.2 Result on multilevel JUDVLP-BLWVdb dataset

In this experiment, feature vectors exhibit different dimensions for various levels
of analysis. Here are the dimensions for each level:

Page level: Texture based feature has 236 dimensions, another texture based
feature has 81 dimensions, and 180 dimensions. The total page-level feature vector
Fpage is obtained by concatenating these three feature sets:

Fpage = Fpage-1 U Fpage.2 U Fyee.3 = 497 dimensions (6.1)

Line level: Texture based feature has 400 dimensions, shape based feature has
180 dimensions, and another texture based feature has 256 dimensions. The total
word-level feature vector F,,, is obtained by concatenating these three feature
sets:

Fiine = Fiine-1 U Fjipe.2 U Fjjp.3 = 836 dimensions (6.2)

Word level: Texture based feature has 5 dimensions, 256 dimensions, and 55
dimensions. The total word-level feature vector F,,, is obtained by concatenating
these three feature sets:

Fuword = Fuword-1 U Fyuord-2 U Fporg-3 = 316 dimensions (6.3)

Table 6.9 provides the distribution of samples in the multi-level Bangla script
dataset (page, line, and word) used in this experiment. Table 6.8 presents a
summary of the features, which are extracted feature vectors from multi-level
Bangla script images along with their dimensions.

Assessment Procedure for Multi-Level Writer Verification Experiment

The initial division of all sample images of multi-level writer scripts follows a 3:2
training and testing ratio. For each writer’s n samples, 2 samples are reserved
for testing the model, while the remaining samples (n-2) are utilized for training
the model. The verification accuracy is computed using the following formula
(Equation 6.4):
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Table 6.8: Feature set details along with their dimension

Script level D:se;ti;ifon Dimension
Texture base 236

Page Texture base 81
Shape 180
Texture base 400

Line Shape 180
Texture base 256
Texture base 5

Word Texture base 256
Texture base 55

Table 6.9: The distribution of samples for training and testing in the evaluation of
multi-level Bangla script on the JUDVLP-BLWVdb dataset

Multi-Level of data

Sample Division | Page | Line | Word
Train 291 | 4985 | 27400
Test 197 | 2896 | 18200

Correctly Classified Multi-level Script Writers
Total Multi-level Script Writers

Accuracy = X 100% (6.4)

Performance of machine learners

Evaluated this model on the JUDVLP-BLWVdb Bangla dataset at three levels:
page, line, and word. To extract features at multiple levels, separately measured
verification accuracy for each level. The summarized results can be found in Tables
6.10. Report the average verification accuracy (%) of 101 writers, where each writer
is correctly verified against the question writers’ pairs.

Figure 6.5 demonstrates that the MLP classifier achieved the highest average
verification accuracies across all three levels: 85.97% for the page level, 93.23% for
the line level, and 94.91% for the word level. This performance outperformed the
SVM and Simple Logistic classifiers on the multi-level dataset. Moreover, observed
a gradual increase in writer verification performance from the page level to the
word level when using the SVM, MLP, and Simple Logistic classifiers, respectively.
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Table 6.10: The verification accuracy at page, line, and word levels using SVM,
MLP, and Simple Logistic classifiers for Bangla script on the JUDVLP-BLWVdb

Multi-level accuracy(%)
Classifier name | Page level | Line level | Word level
SVM 81.02 92.42 94.62
MLP 85.97 93.23 94.91
Simple logistic | 71.89 92.08 94.13
g 60
E 40
Page level Line level Word level
level of work

mSYM mMLP mSimple logistic

Figure 6.5: Comparative assessment of script classification performance across
various levels (page, line, and word) employing SVM, MLP, and simple logistic
classifiers

Effectiveness of Majority Voting in Script Performance Evaluation

In the initial phase of this experiment, the multi-level script verification tasks
employed three classifiers: SVM, MLP, and Simple Logistic. In the subsequent
experimental phase, these classifiers were integrated using a majority voting tech-
nique for multi-level script verification.

The majority voting ensemble is a method employed to enhance model perfor-
mance, with the goal of achieving superior results compared to individual models.
This chapter utilized three distinct classifiers, each contributing three classification
rules denoted as C1(Y), C2(Y), and C3(Y). The combination of these three rules is
orchestrated in a unified manner to generate a classifier that surpasses any of the
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individual rules within the trio.
M(X) = mode{C1(Y), Co(Y), C3(Y)} (6.5)

The majority vote classifier, determined by the highest number of votes, is defined
as the aggregate of votes from rules Cy, C, ..., Cy.

B
M(X) = J(hi(X) =7 6.6
(X) argm]ax;w]( (X) = ) (6.6)

In Table 6.11, the verification performance achieved using the majority voting
scheme for the three levels of the JUDVLP-BLWVdb dataset is presented.

In pursuit of enhancing page-level writer verification performance, a novel
method, not previously employed, was introduced. This approach involves lever-
aging the majority vote technique to amalgamate the probability estimations of a
writer across page level, line level, and word level data. The aim was to elevate the
page-level verification performance for the specific writer, as depicted in Figure
6.6.

In Table 6.11, the outcomes derived from amalgamating the majority voting
results of the three levels (page, line, and word) and the two levels (line and word)
are presented. This amalgamation led to an enhanced verification performance
of 97.02%. These findings affirm our objective of improving the page-level writer
verification performance.

Table 6.11: Performance results at various levels and combinations on Bangla
script using majority voting scheme

Verification Levels and Their | Accuracy
Combined Configurations (%)

Page level 84.15
Line level 94.18
Word level 95.34
Line level+word level 97.62
Page level+line level+word | 96.74
level

6.2.3 Performance Evaluation of Models Based on Deep Learning

In this study, our primary aim is to devise effective handcrafted features for com-
prehensive writer verification. To evaluate the efficacy of our designed verifica-
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tion model, we compared it with three prominent CNN-based models: AlexNet,
ResNet34, and VGG16. Among these models, AlexNet exhibited superior per-
formance, potentially attributed to its smaller size and the incorporation of ReLU
activation functions. Given the relatively modest size of our dataset, a streamlined
network like AlexNet proves more adept for the word-level task. The performance
at the line level is also commendable, mirroring the word-level outcomes. How-
ever, concerning the page level, the inclusion of auto-derived features did not yield
any improvement, likely due to the limited number of handwritten samples per
writer.

To mitigate the risk of overfitting, we augmented our JUDVLP-BLWVdb dataset
using a variety of techniques. These methods encompassed the introduction of
‘salt and pepper’ noise with a density of 0.01, Gaussian white noise with a vari-
ance of 0.01, Poisson noise with a mean of 10, localvar’ noise with intensity values
ranging from 0 to 1, and "speckle’ noise. Additionally, we horizontally flipped the
images to further bolster the performance of deep learning models on multi-level
datasets.

Moreover, we assessed the performance of auto-derived features, denoting
features extracted automatically without manual intervention. The consolidated
results of this evaluation are depicted in Table 6.12.

Table 6.12: Performance evaluation of writer verification using auto-derived fea-
tures

Model Name Line level Word level
Alexnet 75.73 80.59
Resnet34 56.89 77.78
VGG16 56.10 62.75

6.2.4 Comparative Analysis with Established State-of-the-Art Feature
Extraction Methods

Conducted an extensive comparison between our outcomes and existing methods
utilizing the recently developed JUDVLP-BLWVdb dataset. Table 6.13 offers a
synopsis of this comparative analysis, encompassing diverse methods employed
for writer verification through various feature approaches.

Figure 6.7 visually demonstrates the superiority of our proposed method com-
pared to others, particularly when employing the majority voting of page-level,
line-level, and word-level data, leading to enhanced verification accuracy. How-
ever, it is essential to note that our dataset did not exhibit similar performance
levels when evaluated using alternative methods.
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Table 6.13: Comparative analysis with alternative methods on JUDVLP-BLWVdb

dataset

Dataset Name Methods Name
Accuracy
(%)

Halder et al.

JUDVLP-BLWVdb [147] method 63.68
Hanusiak et al.
JUDVLP-BLWVdb [146] method 80.44
Abdi
JUDVLP-BLWVdb and Khemakhem | 85.29
[35]method

Chawki et al.
JUDVLP-BLWVdb [148] method 87.69
JUDVLP-BLWVdb Our proposed | o, o)

method

6.2.5 Result on JUDVLP-TLWVdDb dataset

Table 6.14 shows a comparison chart that illustrates the performance of this pro-

posed method, which integrates hand-crafted feature sets, in terms of accuracy,

precision, recall, and F-Measure. This experiment was conducted using newly

proposed tri-scripts block-level JUDVLP-TLWVdDb dataset. Table 6.14 presents the

average performance of 31 writers, with the SMO classifier achieving the highest
accuracy of 91.50%. Figure 6.8 demonstrates that the performance of the block-
level JUDVLP-TLWVdb dataset surpasses that of the SimpleLogistic and KNN
classifiers. Furthermore, Table 6.15 displays the performance of a single script

which is 89-94%, indicating that the Hindi script outperforms Bangla and English.

It is noteworthy that the tri-script overall performance is 91.80%.

Table 6.14: The tri-script block image dataset performance

Classifier Name | Precision (%) | Recall(%) | F-Measure(%) | Accuracy(%)
SimpleLogistic 86.27 90.53 90.46 90.52
SMO 91.78 91.50 91.42 91.50
KNN 74.63 73.14 73.20 73.08

In Table 6.14, it can be observed that the SMO classifier outperforms SimpleL-
ogistic and KNN classifiers. The workflow of the writer verification methodol-
ogy utilizing the Vision Transformer (ViT) model is depicted in Table 6.16. The
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Table 6.15: The single-script block image dataset performance using SMO classifier

Script Name | Precision (%) | Recall(%) | F-Measure(%) | Accuracy(%)
Bangla 91.55 91.46 91.44 91.45
English 90.09 89.99 89.92 89.97

Hindi 93.92 93.89 93.89 94.00

Table 6.16: Performance based on vision Transformer of block level tri-script writer
verification system task

Model Name | Train Loss (%) | Test Loss(%) Acczﬁg; (%) Acgsi:g%("/)

ViT-B 6.528 1.969 95.46 74.80

JUDVLP-TLWVdb dataset has a total of 31 authors, each with specific training and
testing sets. The training and testing ratio is set at 3:2. The verification model is
capable of determining whether two multi-script text samples (Bangla, English,
and Hindi), namely textl and text2, belong to the same or different authors. This
model achieves a multi-script verification accuracy of 74.80%.

Table 6.16 compares the combined handcrafted features model with the deep
learning-based ViT model using the same JUDVLP-TLWVdb dataset. Due to
the limited number of handwritten samples per writer, the performance does
not improve significantly with auto-derived features compared to handcrafted
features. The layout of the writer verification system that we have deployed is
depicted in Figures 6.9 and 6.10.

6.3 Error Analysis

6.3.1 Page and Block Level of JUDVLP-BLWVdb dataset

In Figure 6.11, our analysis of the JUDVLP-BLWVdb dataset reveals a compre-
hensive examination of both page and block levels, showcasing instances of mis-
classification and accurate predictions. Notably, images originally attributed to
Writer 1 were misclassified as belonging to Writer 2, underscoring challenges in
distinguishing their writing styles. Conversely, images of Writer 3 and Writer 4
were correctly predicted as such by the SMO classifier. These findings illuminate
the complexities of writer verification and provide valuable insights for future
model refinement. Consideration of both the page and block levels is crucial for
understanding misclassification intricacies and refining classification algorithms
to enhance accuracy in diverse writing styles.
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6.3.2 Multi-Level of JUDVLP-BLWVdDb dataset

In Figure 6.12, a multi-level analysis of the JUDVLP-BLWVdb dataset is presented,
revealing predicted images at the page, line, and word levels for various writers,
highlighting instances of misclassification. Notably, images initially attributed to
writer 1 were consistently misclassified as belonging to writer 2 at the page, line,
and word levels, showcasing a systematic misclassification pattern by the MLP
classifier. A significant observation arises from the preprocessing steps, particu-
larly in line and word extraction from pages. Due to limitations in the extraction
process, lines and words exhibit improper cutting, resulting in obscured visibility
of handwriting. Consequently, the MLP classifier faces challenges in accurately
predicting writers, as the true representation of handwriting is compromised dur-
ing these preprocessing steps, impacting the model’s predictive capabilities at both
the line and word levels. These findings emphasize the critical role of preprocess-
ing procedures and shed light on areas for improvement to enhance the overall
accuracy of writer classification in multi-level analyses.

6.3.3 Block Level of of JUDVLP-TLWVdb dataset

In Figure 6.13, diverse errors in tri-script language predictions among various
writers are showcased. Notably, Writer 20 achieves the lowest verification accuracy
of 80.46%, specifically in Bengali script predictions. Similarly, Writer 23 obtains
a relatively lower verification accuracy of 72.77%, particularly in English script
predictions. Writer 25 exhibits a notable verification accuracy dip to 78.22% in
Hindi script predictions. The most significant observation arises during multi-
script combined block-level verification, where Writer 25’s accuracy reaches its
lowest point. This decline is attributed to the poor performance in predicting the
writer accurately, emphasizing the challenges in achieving robust predictions in
multi-script scenarios at the block level. These findings underscore the need for
refined models and strategies, especially in scenarios involving multiple scripts,
to enhance accuracy and reliability in writer prediction across various languages.
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Conclusions and Scope for Future
Research

In this thesis, the challenges and opportunities of writer verification and authen-
tication for Bangla scripts were thoroughly explored and addressed. The main
objective was to create a reliable and efficient system capable of accurately verify-
ing and authenticating authors of handwritten Bangla documents.

Throughout the research, diverse methodologies, algorithms, and techniques
in pattern recognition, machine learning, and image processing were investigated.
Special attention was given to the distinct characteristics of Bangla scripts, which
were leveraged to develop an effective writer verification system. The collec-
tion of a comprehensive dataset of handwritten samples from numerous writers
facilitated extensive experiments and evaluations.

The findings highlighted that the proposed writer verification system achieved
impressive accuracy and performance. This success was attributed to the integra-
tion of the advanced machine learning models and feature extraction techniques.
The thesis also emphasized the significance of dataset quality in determining the
overall performance of the verification system.

Moreover, the study’s practical implications extended beyond writer verifica-
tion, with potential applications in forensic document analysis, authorship attri-
bution, and data security. Furthermore, the advancements made in this research
offer a foundation for future studies on other Indic scripts, contributing to the
improvement of writer verification systems in multiple languages.

Chapter 2 of the thesis conducts a comprehensive survey of offline and online
methods for writer identification and verification across different languages and
scriptlevels. It evaluates various feature extraction strategies, including macro and
micro level features, GST features, point and stroke-based features, and texture-
based features, highlighting the superiority of writer identification features over
verification features in terms of performance. The chapter showcases the efficacy
of different feature extraction and classification algorithms for offline and online
handwritten character recognition, writer identity, and verification. Noteworthy
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features like textual, allographic, local phase quantization, and local binary pattern
prove particularly effective for author identification and verification. While rec-
ommending further exploration into different scripts and levels, such as line, word,
and character segmentation, the chapter equips researchers and practitioners with
valuable insights to address writer authentication challenges more effectively.

This research work focuses on two essential types of datasets, Public Dataset,
and the Developed Dataset, specifically in the field of document analysis and
recognition, with a particular emphasis on writer verification in chapter 3. The
survey explores online and offline data acquisition methods, discussing their bene-
fits and complexities. Several public datasets, such asIAM, Firemaker set, CEDAR,
IFN/ENIT, AHDB/FTR, HCL2000, ETL1-ETL9, ISI, and CVL, are analyzed, playing
a critical role in advancing writer verification research. To address the scarcity of
publicly available Bangla script databases, this research introduces two new offline
datasets: JUDVLP-BLWVdb and JUDVLP-TLWVdb. The former caters specifically
to Bangla language writer verification with 101 native Bengali writers contributing
488 pages, categorized at multiple levels for comprehensive analysis. The latter
dataset addresses India’s multilingual context, containing samples from 31 writers
proficient in Bengali, Hindi, and English, providing a valuable resource for tri-
language writer verification. The datasets undergo data preprocessing, ensuring
their suitability for further analysis by applying scanning, grayscale conversion,
skew correction, and the minimum bounding box algorithm.

In Chapter 4, we present both handcrafted and auto-derived features that show
promising results in page-level, block-level, line-level, and word-level writer ver-
ification. Handcrafted features encompass Radon Transform, HOG, LBP, GLCM,
DWT, Gabor filter, and LPQ. To enhance the efficiency of the writer verification
system, a feature selection procedure using Genetic Algorithm (GA) with SVM as
the fitness function was implemented, resulting in a reduction of the feature set
by approximately 50%. In this chapter, we also delve into auto-derived methods,
featuring AlexNet, VGG16, and ResNet34. AlexNet gained significant attention
as one of the early deep convolutional neural networks (CNNs), VGG16 is recog-
nized for its simplicity and effectiveness, and ResNet34 introduced the concept of
residual learning, addressing challenges such as vanishing gradients in very deep
networks. These models have consistently demonstrated strong performance in
image-related tasks, showcasing their effectiveness in learning hierarchical fea-
tures.

The handcrafted feature combination exhibited greater robustness compared
to automatically derived features, attributed to limitations in the dataset. Further-
more, in this study, we leverage ViT for writer recognition and achieve superior
performance compared to ViT when using tri-level block images of the page. For
the writer verification task, the original image is divided into 16 x 16 blocks. In pro-
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cessing, ViT also divides the input image into 16 x 16 blocks. Our analysis reveals
that the proposed system, which employs manual block division, outperforms the
ViT model.

In Chapter 5, the focus is on the machine learning technologies for the classifi-
cation of whether the text is written by the same or different writers. The method is
tested using the JUDVLP-BLWVdb dataset, extracting various levels of document
features from Bangla handwritten pages, blocks, lines, and words of two writers.
Different classifiers, including SVM, RBF network, KNN, MLP, SMO, and Simple
Logistic, are employed for verification. Ensemble techniques, such as probabilistic
voting, along with conventional feature combination approaches, are applied at
the page, line, and word levels.

In Chapter 6, promising results are presented in addressing page-level, block-
level, line-level, and word-level writer verification on the JUDVLP-BLWVdb dataset,
as well as block-level tri-script verification on the JUDVLP-TLWVdDb dataset. In the
first experiment, the maximum verification accuracy achieved on the newly devel-
oped Bangla script dataset was an impressive 94.54%. SVM emerged as a superior
classifier, outperforming commonly used classifiers like simple logistic regression
and RBF network in the context of writer verification. These findings highlight the
effectiveness of the proposed approach in advancing the field of page-level writer
verification for Bangla scripts. In the second experiment, the methodology extracts
features at different levels from handwritten Bangla pages, lines, and words of two
writers. For writer pair verification, three classifiers (SVM, MLP, and Simple Lo-
gistic) are employed. Ensemble techniques, including probabilistic voting, and
conventional approaches, such as feature combination, are applied on page-level,
line-level, and word-level data. However, due to the limited sample size of each
writer in the page-level data, the performance of our auto-crafted features does
not match that of our proposed model. To enhance the dataset for deep learning
processes, we augment data in our line-level and word-level datasets. In future
work, we aim to experiment with synthetic datasets derived from the JUDVLP-
BLWVdb dataset and explore various CNN architectures to further improve our
deep learning evaluation.

In the third experiment, a dataset for a tri-script writer verification system
is introduced, achieving a verification accuracy of 91.50% by combining Radon
Transform, HOG, LBP, and LPQ features. The overall script-independent per-
formance reaches 91.80%, consistent with the combined performance of all three
scripts. Specifically, the Hindi script outperforms Bangla and English in individual
script analysis.

The future prospects of this thesis involve continuous improvement and ex-
pansion of the proposed Bangla script writer verification system. By exploring
advanced machine learning models and feature extraction techniques, the sys-
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tem’s accuracy and efficiency can be enhanced. Furthermore, the research can
extend to other Indic scripts and multilingual writer verification, making the sys-
tem applicable to a wide range of languages. Additionally, exciting opportunities
lie in forensic document analysis, privacy and security aspects, and integration
with human-computer interaction systems. Creating benchmark datasets, ad-
dressing adversarial attacks, optimizing for mobile and embedded applications,
and conducting user experience studies will contribute significantly to the field.
Ultimately, this research aims to facilitate real-world deployment and offer im-
pactful contributions to writer verification and authentication.
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