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CHAPTER 1

General Introduction

1.1 Introduction

This thesis addresses the problem of automatic person recognition using scanned images
of handwriting. Identifying (verifying) the author of a handwritten sample using au-
tomatic image-based methods is an interesting pattern recognition problem with direct
applicability in the forensic and historic document analysis fields. Approaching this
challenging problem raises a number of important research themes in computer vision:

e How can individual handwriting style be characterized using computer algorithms?
e What representations or features are most appropriate and how can they be combined?

e What performance can be achieved using automatic methods?

The current study describes a new and very effective technique that we have devel-
oped for automatic writer identification and verification (i.e., recognition). The goal
of our research was to design state-of-the-art automatic methods involving only a re-
duced number of adjustable parameters and to create a robust writer recognition system
capable of managing hundreds to thousands of writers. There are two distinguishing
characteristics of our approach: human intervention is minimized in the writer identifi-
cation process and we encode individual handwriting style using features designed to be
independent of the textual content of the handwritten sample. Writer individuality is
encoded using probability distribution functions extracted from handwritten text blocks
and, in our methods, the computer is completely unaware of what has been written in
the samples. The development of our writer recognition techniques takes place at a time
when many biometric modalities undergo a transition from research to real full-scale de-
ployment. Our methods also have practical feasibility and hold the promise of concrete
applicability.

This thesis introduces a writer recognition technique that could have a significant
impact on the field of forensic science (see Fig. . Our method has been statistically
evaluated using multilingual benchmarking datasets: the ICDAR2011 (208 documents
from 26 writers), the ICDAR2013 (1,000 documents from 250 writers), and the CVL
(1,550 documents from 310 writers) datasets.



1.2 Motivation and Context

Biometric systems have become an integral part of modern security and identification
applications. Traditional authentication methods, such as passwords and identification
cards, are vulnerable to risks like theft, duplication, and unauthorized access. Con-
sequently, biometric technologies have emerged as reliable alternatives that provide
enhanced security, user convenience, and fraud prevention. Handwriting occupies a
unique position among biometric modalities because it reflects an individual’s physio-
logical and behavioral characteristics. Influenced by hand movement, writing habits,
muscular coordination, and cognitive behavior, handwriting is a highly individualized
trait. Offline automatic writer identification and verification systems analyze scanned
images of handwritten documents. These systems do not require dynamic information,
such as pen pressure or writing speed. Instead, they rely solely on the visual appear-
ance and structural characteristics of handwriting. Advancements in image processing
techniques and the increased accessibility of digital handwritten documents have greatly
contributed to the development of handwriting recognition systems. However, the vari-
ability and complexity of handwriting present significant challenges for researchers.

The field of writer recognition in monolingual contexts has advanced considerably,
with many contributions addressing major world scripts. However, the field of writer
identification and verification in multiscript settings remains largely unexplored. Few
existing studies address how features behave across languages or how to maintain per-
formance when writers use different scripts. Furthermore, most systems require a large
writing sample, which is often unavailable in real-world applications such as forensic
document analysis and historical manuscript indexing. This research addresses these
challenges by developing a robust, scalable writer recognition system that can handle
the following:

o Handwritten documents in multiple languages and scripts;

o A text-independent analysis is performed when the content of the writing is either
unknown or irrelevant;

¢ Short and variable-length writing samples;

¢ High inter-writer similarity and intra-writer variability.

Writer Writer Writer Writer
Identification Verification Extraction Classification

lA xA xA BXA
Re ,imle @8R &
xA XAOK xA Q1A=
8Cok 20 gc Sgcﬁ

Figure 1.1: Illustration of different classification and recognition scenarios of writers.[3].
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This work was also motivated by the limitations of current writer recognition meth-
ods. Texture- and codebook-based methods often fail to capture the subtle geometric
nuances of handwriting. Meanwhile, deep learning approaches require large annotated
datasets and significant computational resources. Although contour-based methods pro-
vide more interpretable and structurally meaningful representations, their effectiveness
depends heavily on the quality of preprocessing and the reliability of contour extraction.
Therefore, developing robust contour extraction and feature representation techniques
is an important research challenge.

1.3 Objectives of the Research

The primary aim of this dissertation is to advance the research of offline writer identifica-
tion and verification using multi-script handwritten texts within a fully text-independent
framework. The proposed technique aims to demonstrate high accuracy and reliability
in writer recognition across French, German, English and Greek scripts by achieving
high IR and low EER values. The specific objectives of this project are as follows:

¢ Propose handwriting features that are both discriminative and descriptive. Draw
inspiration from the features used by forensic experts and adapt them for multilingual
contexts;

¢ Improve writer identification and verification performance by designing and evaluat-
ing complex feature representations that include combinations of texture descriptors,
shape metrics, and stroke dynamics;

¢ Build a complete offline writer recognition system that encompasses design, develop-
ment, unit testing, and integration;

¢ Use multilingual benchmark datasets to evaluate the system. If possible, participate
in international competitions such as ICDAR or ICFHR;

¢ This could lead to further research on handwriting biometrics and multilingual text
analysis, which could result in a doctoral thesis.

1.4 Dissertation Organization

This document is organized into the following six chapters:

o Chapter 1 (General Introduction) : This section (Section [I)) introduces the fun-
damental concepts of biometrics and handwriting analysis. These include sources
of variability among and within writers. It also reviews existing writer recognition
systems.

o Chapter 2 (Individual Characterization) : Section [2f surveys the main research
contributions to offline writer identification verification, covering handcrafted and
learning-based approaches. It also places our work in the context of existing literature.

> Chapter 3 (Writer Recognition: State-of-the-Art) : Section |3 elaborates on
the three main steps of the proposed system: preprocessing, feature extraction/com-
bination, and classification (recognition or identification and verification).
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> Chapter 4 (Proposed Approach) : Section EI elaborates on the three main steps
of the proposed system: preprocessing, feature extraction/combination, and classifi-
cation (recognition).

> Chapter 5 (Results and analysis) : Section ?? outlines the three well-known
handwritten databases utilized in this research. It offers information regarding en-
rollment and evaluation protocols and contrasts the outcomes of the proposed method
with those of the leading techniques for writer identification and verification.

o Chapter 6 (Conclusion) : Section ?? concludes the thesis and outlines ideas and
recommendations for future research.

1.5 Methodology and Technologies
These objectives will be achieved using the following methodology and tools:

* Programming Languages: C++ and C# are used for system development and
performance optimization.

* Platforms: Cross-platform compatibility with Windows and Linux operating sys-
tems.

* Development tools: Microsoft Visual Studio, CPPUnit for unit testing, and Test-
Driven.net for integration tests.

* Modelling and design: StarUML for system architecture modelling and the appli-
cation of software engineering best practices using Design Patterns.

* Data preparation and visualisation: Adobe Photoshop and GIMP for image
pre-processing and annotation.

* Build acceleration and version control: IncrediBuild for distributed build accel-
eration and TortoiseSVN for source code versioning.

* Documentation: TeXStudio and MiKTeX for LaTeX writing and Beamer for pre-
sentation preparation.



CHAPTER 2

Individual Characterization

Every individual possesses unique characteristics. These characteristics form the basis
of identification and authentication systems, which are becoming increasingly important
for highly secure applications. In recent years, there has been a considerable increase in
demand for automatic systems that can identify or verify identity, whether for controlling
access to personal data or assisting forensic experts in analyzing handwritten documents.
This chapter introduces the key concepts of writer recognition, i.e. identification and
verification (or authentication).

2.1 Introduction

Biometrics refers to the technologies used to measure and analyze human characteristics,
whether physiological or behavioural, for identification or authentication purposes. As
each person has unique traits, biometrics is a reliable method of personal identification.
Unlike traditional identifiers, such as names, passwords or ID cards, which can be lost,
stolen or forgotten, biometric traits are intrinsic to the individual (see [2.1]).

Biometric systems operate in two main modes: verification (1:1 comparison) and
identification (1:N comparison). In verification mode, the system confirms a claimed
identity by comparing the input biometric data with a stored template (i.e. producing
an accept /reject decision). In identification mode, the system determines an individual’s
identity by comparing the input data with multiple stored templates to find the best
match (i.e. the most likely match in closed-set identification or declaring no match in
open-set identification) [4].

Behavioral

Physiological

Voice Signature

Vein print

Figure 2.1: Biometric traits that can be used for identification or verification.



2.2 Handwriting as a Behavioral Biometric Trait

Offline handwriting, in particular, has attracted significant interest among various be-
havioural biometric modalities due to its natural use in many real-world scenarios,
such as legal documents, forms, and historical archives. Handwriting contains many
personalized features that can reflect an individual’s motor habits, cognitive style and
neuromuscular characteristics.

Writer recognition, also known as biometric recognition based on handwriting sam-
ples, plays a crucial role in the field of pattern recognition. It is a classical problem
in forensic science with applications in several significant research domains. These in-
clude forensic examination and criminal justice systems, paleography (i.e., the study of
historical and medieval handwriting), biometric recognition, security, and handwriting
identification and verification. Forensic writer recognition typically involves the task of
automatically determining the authorship of a given handwriting sample (e.g., a suspi-
cious or fraudulent letter, ransom note, etc.). This task is commonly divided into two
main modes: identification and verification. In the identification mode, which is a one-
to-many comparison or multi-class classification problem, the objective is to determine
the author (or writer) of an unknown handwritten sample from a set of known writ-
ers. In contrast, the verification mode focuses on determining whether two handwriting
samples were produced by the same individual. This involves one-to-one comparisons
and is framed as a binary classification problem [5].

Writer recognition process is challenging due to intra-writer variability (i.e. varia-
tions in an individual’s writing over time or under different conditions) and inter-writer
similarity (i.e. similarities between different individuals’ writing styles) (see [2.2]). Nev-
ertheless, handwriting has one key advantage: it can be acquired non-intrusively using
simple devices such as scanners or cameras, making it ideal for forensic and commercial
applications [T1].

. et * ¥y \ (4 . h

(a) (b)

ks

Figure 2.2: Illustration of intra- and inter-writer variability by superimposition: (a) a
word written 6 times by the same writer and (b) the same word written by 6 different
writers.

2.3 Within-writer variance vs. Between-writer vari-
ation

Writer identification and verification are only possible to the extent that the variation in
handwriting style between different writers exceeds the variations intrinsic to every single
writer considered in isolation. The results reported in this thesis ultimately represent
statistical analyses, on our datasets, of the relationship opposing the between-writer
variation and the within-writer variability in feature space. The present study assumes
that the handwriting was produced using a natural writing attitude. It is important



to observe that forged or disguised handwriting is not addressed in our approach. The
forger tries to change the handwriting style usually by changing the slant and/or the
chosen allographs. Using detailed manual analysis, forensic experts are sometimes able
to correctly identify a forged handwritten sample. On the other hand, our proposed
algorithms operate on the scanned handwriting faithfully considering all the graphical
shapes encountered in the image under the premise that they are created by the habitual
and natural script style of the writer.

2.4 Factors causing variability in handwriting
Figure 1.1 shows four factors causing variability in handwriting [11]:

1. Affine transforms: Affine transforms are under voluntary control. However, writ-
ing slant constitutes a habitual parameter which may be exploited in writer recog-
nition;

2. Neuro-biomechanical variability: Neuro-biomechanical variability refers to the
amount of effort which is spent on overcoming the low-pass characteristics of the
biomechanical limb by conscious cognitive motor control;

3. Sequencing variability: Sequencing variability becomes evident from stochastic
variations in the production of the strokes in a capital E or of strokes in Chinese
characters, as well as stroke variations due to slips of the pen;

4. Allographic variation: Allographic variation refers to individual use of character

shapes.
alyotin 1L PH A Wy

g \
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Affine Allographic Neuro-biomechanical Sequencing
transforms variation variability variability

Figure 2.3: Factors causing handwriting variability [T1].

2.5 Writer identification vs. Writer verification

Handwriting, as a form of behavioral biometric trait, encapsulates the neuromuscular
patterns and cognitive processes unique to each individual. The act of writing is influ-
enced by a combination of motor coordination, learned habits, psychological state, and
physiological conditions, making it a rich source of biometric data. These characteris-
tics are particularly useful for tasks such as writer identification and writer verification,
which are two core problems in the domain of handwriting biometrics.
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—» Writer 1
Identification .

Query sample —. :
system — Writer N

Database

with samples of
known authorship

Figure 2.4: A writer identification system retrieves, from a database containing hand-
writings of known authorship, those samples that are most similar to the query. The
hit list is then analyzed in detail by a human expert [11].

After image preprocessing, asserting writer identity based on handwriting images
requires three main operational phases:

1. Feature extraction;

2. Feature matching / feature combination

3. Writer recognition (identification and verification).

4 s AN — L i —» Same writer
Test sample A Verification

system

Test sample B — — Different writer

Figure 2.5: A writer verification system compares two handwriting samples and takes an
automatic decision whether or not the input samples were written by the same person
[11].

A writer identification system performs a one-to-many search in a large database
with handwriting samples of known authorship and returns a likely list of candidates
(see Fig. [2.4). This list is further scrutinized by the forensic expert who takes the
final decision regarding the identity of the author of the questioned sample [23]. Writer
verification involves a one-to-one comparison with a decision whether or not the two
samples are written by the same person (see Fig. . The decidability of this problem
gives insight into the nature of handwriting individuality [6]. In writer identification
searches, all the samples in the dataset are ordered with increasing dissimilarity (or
distance) from the query sample. This represents a special case of image retrieval,
where the retrieval process is based on features capturing handwriting individuality [5].
In writer verification trials, if the distance between two chosen samples is smaller than a
predefined threshold, the samples are deemed to have been written by the same person.
Otherwise, the samples are considered to have been written by different writers. Writer
verification has potential applicability in a scenario in which a specific writer must be
automatically detected in a stream of handwritten documents. In forensic practice, both
identification and verification play a central role [T1].
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2.6 Online and Offline Writer Recognition

Traditionally, writer identification and verification systems are divided into two kinds:
online and offline [40]. The online handwritten data contain more information about the
writing style of a person, such as pentip position, pressure, and/or angles (as a function
of time), that is not available in the offline data. However, offline writer identification
and verification systems work on digitized images of writing. Consequently, compared to
online writer identification, it is more difficult for offline systems to achieve significantly
higher recognition rates, and offline systems are widely considered more challenging
than their online counterpart.

2.7 Text-dependent vs. Text-independent methods

The techniques for writer recognition are traditionally categorized into two broad classes:
text-dependent and text-independent methods. Text-dependent methods require the
writing samples to be compared to contain the same fixed text. Signature verification,
for example, can be considered in this category. These methods usually compare indi-
vidual characters or words from a known transcription. Therefore, the text must first
be recognized or segmented (manually or automatically) into characters or words before
writer recognition can occur [7]. Text-independent methods, on the other hand, verify
the author of a document regardless of its semantic content. These methods use features
extracted from an entire text image or a region of interest. Only a minimal amount of
handwriting is necessary to derive stable, text-insensitive features [12].

2.8 Conclusion

In this chapter, we learned that characterizing individuals is not a new concept. Based
on the measurement of physical or behavioral characteristics, also known as biomet-
rics, this concept dates back to the 14th century. Studies of biometrics have revealed
four essential properties of characteristics: distinction, permanence, quantifiable, and
universality. According to these properties, each characteristic has its own set of advan-
tages and disadvantages. In order to identify an individual based on their handwriting,
a behavioral biometric characteristic, this type of system must be implemented. We
presented a schematic of this type of system in identification and verification modes. In
identification mode, the user does not claim an identity; rather, the system recognizes
the user. In verification mode, the system authenticates an identity claimed by the
user. We found that writing is the central element of this thesis. We then described the
characteristics and variability factors of handwriting, as well as the types of variations
necessary for a writer identification or verification system. In the next chapter, we will
review the various offline writer identification and verification approaches proposed in
the literature.



CHAPTER 3

Writer Identification and
Verification: State-of-the-Art

3.1 Introduction

Despite the development of electronic documents and predictions of a paperless world,
the importance of handwritten documents has retained its place and the problems of
identification and authentication of writers have been an active area of research over
the past few years. A wide variety of systems that are based on the use of computer
image processing and pattern recognition techniques have been proposed to solve the
problems encountered in automatic analysis of handwriting and recognition of the writer
of a questioned document. A comprehensive survey of the work in writer recognition
until 2022 has been presented in [4]. Here, we will be more interested in surveying the
approaches developed in the last several years, thanks to the renewed interest of the
document analysis community for this domain.

This section offers a summary of research initiatives, highlighting progress in the filed
of offline text-independent writer recognition (i.e., identification and verification). A key
component of writer recognition systems is the essential process of feature extraction,
which entails converting an input handwriting image into a feature vector representation
(for instance, PDF or Probability Distribution Function as cited in [7]). The existing
literature classifies feature extraction methods into two primary categories: handcrafted
features and learned features.

3.2 Handcrafted features

Numerous effective techniques for well-established handcrafted features have been doc-
umented in the literature for the purpose of identifying and verifying the authorship
of handwritten texts [5]. This initial category can be further divided into three pri-
mary classifications: 1. codebook-based techniques, 2. texture-based methods, and
contour-based methods.

3.2.1 Codebook-based methods

The codebook or bag-of-shapes can be used as a distinctive measure (i.e., feature vector)
to characterize the writing style of each writer [7, 42, [16, 28]. The shape occurrence
probability is a characteristic for a given writer and may be employed to distinguish

10
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Figure 3.1: Examples of codebooks with 400 graphemes. For (a) kmeans and (b) ksom1D
the graphemes have been placed 25 in a row, while, for (c¢) ksom2D, the 20 x 20 original
SOM organization has been maintained.

between intra-cluster and inter-cluster similarity. Several methods are proposed in the
literature to create the codebook, such as the Graphemes (writing fragments or small
patterns) [I1], Elliptic Graphemes [1], Junclets [25], Bagged Discrete Cosine Transform
(BDCT) descriptors [30], and Implicit Shape (Patches around the key points) [§]. Re-
garding the allographic features, the writer is considered as a stochastic generator of
graphemes and a set of emission shape probabilities is computed by building a normal-
ized histogram. In 2007, Bulacu et al. [IT] proposed the use of allographic features to
characterize writer individuality thus making the approach quite similar to Bensefia et
al. (2005). The probability distribution of each writer is computed using a common
codebook of 20 x 20 graphemes generated with the ksom2D clustering algorithm for
each document individually (see Fig. [3.2]).

In 2015, Abdi and Khemakhem [I] used a beta-elliptic model (Elliptic Graphemes)
to generate a synthetic codebook for Arabic writer recognition (see Fig. |3.1). A total
of 60 feature vectors were extracted using template matching.

In the same year, He et al. [25] applied the detected junctions to writer identification
using a compact representation, called Junclets. The junction detection in handwrit-
ten images is determined by analyzing the stroke-length distribution in every direction
around a reference point inside the ink of texts. In 2017, Khan et al. [30] introduced a
text independent writer identification method based on Bagged Discrete Cosine Trans-
form (BDCT) descriptors. Universal codebooks are first employed to generate multiple

721 (8, 8) 745 (8, 16) Teo(8,24) T15(20,8)  739(20,16)
1 r 1 L L
S A () —— 7N

T10(12,8)  Ti3(12,16) Ter(12,24) T13(24,8)  Tes(20,24)

717(16,8)  741(16,16) 765(16,24) .. (24,16) 74, (24, 24)

.. N

Figure 3.2: Examples of elliptic templates [1].
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Figure 3.3: (a) Schematic description for the extraction method of the contour-direction
PDF (feature f1). The handwritten letter “a,” provided as an example, would be roughly
twice as large in reality. (b) Examples of lowercase handwriting from two different

subjects [11].

predictor models and the final result on a handwritten sample is obtained using the
majority voting rule from all predictor models. In 2019, Bennour et al. [§] exploited the
key points in handwriting to generate the implicit shape codebook and identify the right
writers. The problem with this type of methods is the complexity of the segmentation
and feature extraction algorithms, which are highly expensive in terms of execution
time.

3.2.2 Texture-based methods

Texture-based approaches to perform offline automatic writer identification take into
account each grayscale handwriting image as a unique texture and rely on extracting
features from the entire image (whole document) [11} 15, 22], blocks [9], connected-
components [4, [5, 6] [7, 12 29], or writing fragments [20] to produce texture descriptors
(i.e. features, measures, or attributes). A Probability Distribution Function (PDF or
vector of probabilities) in a given document is computed and employed to characterize
the writer’s style [I1]. In this case, the appearance probability; i.e. histogram bin, is

LB U [w0[s [§ [7 |6

16 4
7 (3
18 2 ol
19 1
20 0
21 D]
n 38
FE] 37
b7 3%
25 |26 |27 |28 |20 |30 |31 |32 |33 [34 |35

Figure 3.4: Extraction of edge-hinge distribution [27].
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a characteristic for each writer and may be employed to distinguish between inter-class
and intra-class similarities.

In 2007, Bulacu et al. [II] proposed to perform handwriting writer identification by
using the textural features. Probability Distribution Functions (PDFs) are calculated
using the entire handwriting image (document) and its contours for contour direction
(see Fig. 13.3), contour-Hinge, direction co-occurrence and Run-Length on white dis-
tributions (RL). In 2013, Bertolini et al. (2013) published a texture-based descriptor
for writer identification. The authors used Local Binary Patterns (LBP) in a compara-
tive study with a Local Phase Quantization (LPQ) and concluded that LPQ performed
better than their LBP variant.

One year later, Wu et al. (2014) wished-for a method for offline text-independent
writer identification based on the Scale Invariant Feature Transform (SIFT). In par-
ticular, the SIFT Descriptor Signature (SDS) and the Scale Orientation Histogram
(SOH) are extracted from handwriting images to characterize different writers. In 2016,
we offered a set of textural features to characterize writer individuality [7]. These
features include Direction-Length, Angle-Length, Direction Co-Probability, and An-
gle Co-Probability of connected components. In 2018, Singh et al. [43] divided cursive
handwriting into nine texture blocks to compute histograms of the Local Binary Pattern
(LBP) and the Center Symmetric Local Binary Co-occurrence Pattern (CSLBCoP). For
each writing sample, a set of 9 blocks were created and feature vectors were computed
for writer identification. Kessentini et al. [27] combined Edge-Hinge with a fragment
length of 6 and 7 pixels (see Fig. [3.4) and Run-length features in the Dempster-Shafer
Theory (DST) model to improve the identification rates (in the same year). In 2019,
Hannad et al. [19] presented an approach for the identification and characterization of
different writers that combines two textural features: the Histogram of Oriented Gra-
dients (HOG) and Gray Level Run Length (GLRL) Matrices. Before the end of 2019,
Khan et al. [29] applied a combination of the Scale-Invariant Feature Transform (SIFT)
and RootSIFT descriptors in a set of Gaussian mixture models (dissimilarity SGMM
and DGMM) to compare and classify the handwritten documents. In 2020, Chahi et
al. [I2] developed a Local gradient full-Scale Transform Patterns (LSTP) based method
for writer identification. The authors extracted a set of feature code maps from resized
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Figure 3.5: Example of LBLP code calculation [5].
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small regions of interest of the writing (connected components sub-images) based on the
distribution of local intensity gradients. Lastly, Bahram et al. [10] introduced a feature
termed the Local Black Pattern Histogram (LBLP, see Fig. , which is grounded in
texture connected-components and involves monitoring each black point for the purpose
of text-independent writer identification (in 2025).

3.2.3 Contour-based methods

Contour-based techniques constitute a unique category within the field of offline writer
identification and verification [27]. In these methodologies, Probability Distribution
Functions (PDFs) of local attributes or features are derived from the inner and outer
contour pixels, opposed to the conventional image pixels. These attributes are metic-
ulously designed to capture characteristics unique to individual writer, such as angle,
direction, curvature, slant, ink-trace widths, and letter shapes [4].

In 2015, Xiong et al. [46] approached writer identification from a texture contour
perspective, utilizing the SIFT descriptor along with contour directional features (CDF)
(see Fig. |3.6)).

29| 26| 25 | 24 | 23 | 2 | 13 | 24 |12
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20 | 212 | 213 | 214 | 215 lg | 212 | 13 | 214 | ls

(a) Grid microstructure feature (b) Contour-directional feature

Figure 3.6: Comparison of GMF and CDF [46].

One year later, Bahram et al. [7] introduced four features: direction-length (DL),
direction co-probability (DCP), angle-length (AL), and angle co-probability (ACP).
These features are based on texture contours and involve monitoring each contour point
to identify writers, regardless of the text. Expanding upon the co-occurrence feature for
writer recognition, contour-based features can be formulated, including CoHinge and
QuadHinge. Importantly, Bahram [4] released a notable writer identification system
in 2022 that employs texture contour-based features. This system harnesses the joint
distribution of the Modified Local Binary Pattern (MLBP) and the Ink-trace Width and
Shape Letters (IWSL) measurements (MLBP-IWSL) to capture complex handwriting
details, encompassing direction, curvature, slant, and shapes, thereby characterizing
individual writing styles. Finally, in the same year, Bahram et al. [5] investigated the
relationship between ink direction and ink width (width patterns or width ink traces)
to aid in writer recognition through the Local Contour Pattern with Ink-trace Width
and Shape Letters (LCP-IWSL) feature.
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3.3 Learned features

In this section, features that have traditionally been crafted by experts, including those
based on texture, contour, and codebook methodologies, can now be automatically de-
rived through the implementation of Convolutional Neural Networks (CNNs) [44]. This
approach enables the generation of features that are learned directly from the data,
specifically aimed at offline writer identification and verification [47]. A review of exist-
ing literature reveals that most methodologies utilized for feature extraction are trained
on handwriting samples comprising fragments, words, or lines. Notably, in 2015, Fiel and
Sablatnig [17], along with Christlein et al. [I4], emerged as pioneers in the use of CNNs
within the field of writer recognition, employing scanned handwriting images. Following
this, Javidi and Jampour [26] presented a hybrid deep architecture that merges hand-
crafted and deep features to define writer individuality, offering a streamlined extended
version of FragNet that leverages auxiliary information from the Handwriting Thickness
Descriptor (HTD). Kumar and Sharma [32] proposed a segmentation-free model that
employs a CNN to identify query writers, referred to as SEG-WI. Moreover, in 2021,
reference [24] introduced a technique for extracting global-context information from
handwritten word images using CNNs, incorporating a recurrent neural network (RNN)
to model the spatial relationships among sequences of fragments. Another CNN-based
methodology was elaborated in [41], concentrating on deep feature extraction around
key points within small handwriting patches. Key points were detected using the FAST
and Harris corner detectors, while the feature encoding process utilized V. LAD and
triangulation embedding (TE). More recently, in 2023, Chahi et al. [13] unveiled a
multipath deep CNN-based technique named WriterINet, designed to learn and directly
identify writers. Kumar [34] introduced a writer identification modified Histogram of
Oriented Gradients (HOG) to create writer descriptors, which can be used to determine
the authorship of a specific handwritten word image. Furthermore, in 2024, Briber
and Chibani [I0] developed a closed system consisting of multiple convolutional layers.
frequently trained on entire documents, to achieve superior performance, albeit at a
considerable computational expense. Finally, in 2025, Zhao et al. [48] introduced a
writer identification method based on an integration strategy combining complemen-
tary learning models. This approach involves combining multiple probabilistic mass
functions, i.e. the properties of the top-k values.

3.4 Comparative Analysis and Challenges

It is crucial to emphasize that offline writer recognition employing textural features
(such as contours or images) within a single-script context has shown high recognition
rates, has proven efficient regarding processing time, and is generally preferred when
at least three lines of text are accessible for training and testing purposes [6]. These
approaches are typically not intended for the automatic identification or verification of
authors from handwriting samples that incorporate multiple scripts, such as Arabic and
French [41]. Moreover, they require a significant amount of handwritten text samples
from each individual to attain effective classification and are sensitive to structural vari-
ations [4, 41]. It is important to highlight that techniques based on learned features
exhibit robustness and enhanced recognition performance, especially at the word level
[33]. However, these methods necessitate a substantial number of samples and entail
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considerable time investment concerning parameter tuning and calculations during the
training phase, with a tendency towards over fitting. In contrast, codebook-based ap-
proaches, similar to forensic analysis, necessitate a complex process, incur significant
execution times, and often exhibit limitations in overall recognition performance. In
light of the aforementioned observations, this paper introduces a texture- and contour-
based technique for offline writer identification and verification, focusing on both image
and contour analysis. The handwriting features utilized in this study are derived from
images of short paragraphs, each comprising approximately three lines. These features
have been employed to characterize distinct handwriting styles across various scripts
and languages, including English, French, German, Greek, and a hybrid language. A
comprehensive description of our methodology can be found in Chapter 4] while Chap-
ter 7?7 discusses the efficacy of the proposed features in writer recognition, utilizing
established benchmark databases.

3.5 Conclusion

Identifying writers in multilingual contexts remains challenging, primarily due to vari-
ability in scripts and differences in text length. While previous benchmarks such as
ICDAR 2011, ICDAR 2013 and CVL have primarily focused on monolingual (Latin
script) scenarios, these datasets remain valuable for evaluating new approaches.

In this study, we proposed two novel text-independent features for writer recogni-
tion and evaluated their effectiveness on short and long handwritten samples. Using
the ICDAR 2011 and 2013 datasets, we demonstrated that these features can capture
writer-specific traits with high discriminative power across varying conditions. The
experimental results, detailed in the following chapters, confirm the potential of our
features to generalize beyond monolingual settings and limited text lengths. These
findings suggest promising avenues for developing robust, language-independent writer
identification systems.
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CHAPTER 4

Proposed approach

4.1 Introduction

In this section, two primary representations of the scanned handwriting images are
employed during the feature extraction step: the binary connected-components and
their exterior contours. The contour contains a sequence of pixels located on the ink-
background boundary of a connected-component. This is a very effective vectorial rep-
resentation that will allow a fast computation of the proposed features. In addition,
contours are important cues to describing writing shapes. For writer characterization,
we propose two complementary features based on the Local Contour Pattern with Ink
Width and Stroke Length (LCP-IWSL) framework to characterize writers.

1. LCP — IWSLg (Black pixels): This feature was extracted from connected black
components, or ink traces, to capture the local texture patterns and structural
attributes of handwriting. These attributes included variations in stroke width
and length;

2. LCP —IWSL¢ (Outer contour pixels): It is extracted from the outer contours of
connected components, encoding complementary texture and contour information.
This improves the ability to distinguish between writers.

As illustrated in Fig. our proposed approach consists of three main processing
steps:

1. Preprocessing: Normalizes and enhances scanned handwriting images to ensure
consistent feature extraction across different datasets;

2. Feature Extraction: Computes LC'P —IW SLg (black pixels) and LCP—IW SL¢
(white pixels) from binary connected components and their contours. Then, it
combines them to encode characteristics specific to the writer;

3. Classification (recognition): It uses distance metrics, such as chi-squared (x?) to
match query samples with a database of known writers.
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4.2 Preprocessing

Like most of the pattern recognition problems, the preprocessing step plays an important
role in the performance of the writer identification system. For our experiments, the in-
put data (i.e., feature extraction step) are in black connected-components and their con-
tours, so the pre-processing step is necessary and it consists in binarizing the document
images (foreground/background separation), extracting the connected-components, re-
moving the non-significant connected components (i.e., small components, dots, etc.)
and extracting the interior and exterior contours of connected components. In this sec-
tion, a very effective vectorial representation is considered which will subsequently allow
a fast calculation of the proposed feature.

4.2.1 Binarization

The vast majority of offline writer recognition techniques use binary input images rather
than color or grayscale ones [6]. While no comprehensive studies appear to have been
conducted, the available results suggest that this format is the most useful despite the
loss of information. While grayscale may be appropriate for certain features (e.g. at-
tempting to reconstruct pen pressure), it generally produces images that are too complex
for further processing.

Binarization is a key step in preparing images for analysis. It takes a grayscale or
color image and simplifies it by converting it to black and white. In this simplified
image, only two colors exist: black for important details such as text or handwriting
and white for the background, such as the paper. This simplification makes tasks such
as character recognition, writer identification and verification, and shape and outline
detection much easier. Depending on how the threshold is determined, binarization
methods are commonly divided into two main categories.

1. Global Binarisation : Global binarisation applies a single threshold value to the
entire image. Each pixel is classified as foreground or background based on this
one global threshold.

—Advantages: Simple, fast, and effective for images with uniform lighting and
contrast.

—Common method: Otsu’s method, which automatically selects an optimal
threshold by maximizing inter-class variance.

2. Local Binarisation : Local binarisation, also known as adaptive binarisation, com-
putes a different threshold for each pixel based on the local neighborhood (a small
window around each pixel). This makes it more suitable for documents with ir-
regular lighting, shadows, and low quality.

—Advantages: Durable to variations in lighting and background noise.

—Common methods: Niblack, Sauvola, and Wolf algorithms, which dynamically
adjust thresholds using local mean and standard deviation.

We decided to use Otsu’s method [39] to binarize the handwriting images for our

work. Our images are clean and well-scanned with good lighting and a clear distinction
between text and background, so this method is ideal for our needs (see Fig. |4.2)).
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Figure 4.2: Global Image Thresholding using Otsu’s Method [39].

Otsu’s method automatically identifies the optimal threshold to distinguish black text
from a white background, making it ideal for this situation. It’s also fast and simple to
use, making it a practical choice. Using this method allowed us to obtain clean binary
images, making subsequent steps, such as contour detection and writer analysis, easier
and more reliable.

4.2.2 Connected Components Extraction

Extracting connected components is a critical step in processing binary images. The goal
is to identify and separate individual objects made up of connected pixels. In a black-
and-white image, for instance, the black pixels typically represent meaningful content,
such as handwritten text, symbols, or shapes, while the white pixels represent the
background. The extraction process examines the image to find groups of black pixels
connected to each other based on a connectivity rule. This rule typically considers 4-
connectivity, which includes pixels connected horizontally or vertically, or 8-connectivity,
which includes diagonal neighbors (see Fig. [4.3)). Pixels that meet this condition are
grouped together as one connected component. Once these groups have been identified,
each connected component is assigned a unique label. This labeling allows us to treat
each component as an individual object for further analysis. In handwriting recognition
or writer identification, for example, connected components often correspond to letters,
strokes, or words requiring separate analysis.

This step is crucial because it simplifies complex images by breaking them down
into smaller, meaningful parts. After extracting connected components, other impor-
tant tasks such as contour tracing, feature extraction, or classification become more
manageable and accurate
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Figure 4.3: Connected components extraction, (a) 4-connectivity and (b) 8-connectivity.

20



r & 4 16 b1 i
S q {11 1 [0 ; T | 'l 17,
Vs W[ dodh! au biskso slou! Wy 0 et e b -:;Ji'"i'tf’u BeligB!!

Eleli
15 2

Sample texi-line Produced Interior and Exterior contours

swaaoad uop s E
|
s

3
8 pn L2 14 16 20

TN |13 [k 1% o [lgez
2 'r M E}tl-ss'— 68 Scliow:

Vorwaile doch! du bk <o SoLén( I'OEQ‘“(,
W F o

Binarized image Labeled Connccted-components

21

75
L=

ORI SINOII03 J0LANT] pu sopanmg [

R
com| "
B Connected-components laheling

Figure 4.4: Preprocessing of an example handwritten text line taken from CVL [31]
database (from [4]).

4.2.3 Removal of small connected components

As stated in Bahram et al. [7], a connected component can be defined as an ink blob
or complete region of ink trace, determined by a set of pixels, i.e., all connected to
each other, drawn without lifting the pen from paper. In binary images of handwriting,
the foreground (black) pixels correspond to the black ink trace and the white pixels
correspond to the background. In order to capture more details of the directional
strokes, the slant and skew corrections of the handwritten document are not used in this
work. Subsequently, some non-significant connected components like diacritics small-
components with a width or height smaller than one stroke-width, scatter noise, periods,
commas, and dots, are discarded in this step (see Fig. [4.3).

4.2.4 Contour detection

Contour detection is the process of tracing the outlines or borders of shapes in a binary
image. In the context of handwriting analysis, these shapes represent letters or strokes.
This step helps us understand the exact form and structure of each component, which
is essential for a detailed analysis. Two types of contours are usually extracted: 1-
Outer contours and 2- Inner contours (see Fig. [4.5)). The Moore-Neighbor Tracing
Algorithm is a widely used method for detecting contours [I8]. It is simple and effective
for binary images (see Fig. [4.6). As illustrated in Fig. and Algorithm [l each
handwritten document, comprising various words or lines of text, is segmented into
images of connected components {C'C;}. The pages from the CVL database [31], initially

&()admﬂiﬁy 4 %@«@3@1@8 Y
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— Outer contours

— Inner contours
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Figure 4.5: Outer and Inner contours detection [5].
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available in RGB format [0].

Pixel de départ

Figure 4.6: The different steps of the Moore algorithm — Neighbor Tracing [I§].

Algorithm 1 : Preprocessing step
Input: Gray-scale image Io
Output: Y, CC;, UY,0C;

1: Ip < Otsu(lg)

2: for i < 1 to N do

3: CC; = CCExtract(Ig, Xin (1), Yimin (1), width(i), hight(i))
4: if (Y(CC;) > &) then

5: Add(CC;)

6: Add(OC; < Moore(CC;))

7: else

8: Skip(CC;)

9: end if

10: end for

11: return (Uf\il ca;, Uiil 0G;)

4.3 Feature Extraction

Feature extraction is the process of converting an input handwriting image into feature
vectors with the aim of increasing the performance of the model. It is the heart of
handwriting-based biometrics [I]. In the case of statistical features, the feature vector
is calculated by carrying out a large number of measurements, accumulating the results
in a histogram, normalizing and interpreting it into a probability distribution [I1]. In
this section, we characterize the individual writing style of a given writer by computing
two texture- and contour-based features: LCP-IW SLg and LCP-IW S L.

4.3.1 LBP operator

The traditional Local Binary Pattern (LBP) operator proposed by Ojala et al. in [37]
and improved in [3§] for texture analysis and description is a fast and computationally
efficient texture descriptor for grayscale images. The LBP descriptor has been used to
identify the authorship of handwritten documents in most of the texture techniques in
the literature [9, 22], which divides the entire image into regions to extract unique and
useful texture features. This powerful and most popular operator labels each center (or
referenced) pixel p, of a grayscale image I by thresholding its eight surrounding pixels
(po, - - ., p7), and considering the result as a binary string (i.e., obtained by concatenating

22



Threshold
60 | 37 s 1 pe 0

15 | 23 1 0 0

Multiplication X

—
1 2 4 1 2 4
Sum the
199 — Y 128 0 128 8
LBP code pumbers = Representation
64 0 0 64 | 32 | 16

Figure 4.7: Example of the traditional LBP operator [37, [38].

all these binary values) or a decimal number. Fig. shows an example of the original
grayscale LBP code, which is computed by comparing the center pixel (z., y.) intensity
with eight neighbors (z, yx) in a 3 x 3 neighborhood.

A limitation of the basic LBP operator itself is its small 3 x 3 neighborhood around
the central pixel: this may leave it unable to capture the dominant features with large-
scale structures. Subsequently, the original LBP operator was generalized to use differ-
ent neighborhood sizes, i.e. to capture discriminative features at different scales [3§].
For a given pixel p. , its P neighbors {px},x=0..p—1 are obtained using a bilinear inter-
polation. Formally, the LBP operator of the center pixel p. at position (z.,y.), can be

expressed as (cf. Eq.

P-1
LBPP,R(£C: yc) = Z S(Zk - Zc) Qk (41)
k=0

where i, represents the gray value of the center pixel p., i;, represents the gray values
of P surrounding pixels on a circle of radius R(R > 0), P is the number of neighbors,
2% is the binomial factor, and s defines the sign function as follows (cf. Eq. :

s(ig — i) = { 0 i i< i, (4.2)
Fig. illustrates an example of the extended LBP operator using different neigh-
borhood sizes (i.e. different values of P and R).
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Figure 4.8: Examples of the extended LBP operator [38] (three different values of P
and R).
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Figure 4.9: Computing the LCP code and its splitting into Left, Upper, Left- and Right-
Diagonals LCP codes (P =8 and R = 1.0).

4.3.2 LCP-IWSL feature

As stated in [20], 22], the LBP histograms give a rough idea of the texture information of
the writing. However, this may not be very effective in capturing the fine details of the

writing. Therefore, we propose a local geometrical structure called the Local Contour
Pattern (LCP).

LCP operator The fundamental objective of this study is the computation of texture
measures from the contours C = {Cy,C4,...,Cy_1} of black connected-components
Ip = {CCy,, CCy,...,CCN_1} to characterize a handwritten sample. Where N is the
number of connected-components in the document I (binary image). The binary LC P
operator labels each black pixel p. of coordinates (z,y) in connected-component CC;
(p. € CC; and p. ¢ C;) by examining its surrounding P pixels (ng,...,np_1). This
binary code LCP will be obtained by reading the values in a clockwise fashion and can
be defined as (cf. Eq[4.3):

i

il

where the coordinates of neighbors can be calculated as (cf. Eq[4.4)

2 2
(Tngs Uny) = (x + RCOS(%p), Y+ Rsin(%p)) (4.4)
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(P, R) denotes a neighborhood of P points on a circle of radius R of the connected-
component C'C;, and the function f(v) is defined as follows (cf. Eq[4.F)):

1, if wvedl;
Fv) = { 0, otherwise (4.5)

Fig. shows an example of LC'P code calculation, the central black pixel p. is
labeled as 00110101 in binary or 53 in decimal (P = 8 and R = 1.0).

It is worth noting that, in general, the left-to-right languages (e.g. Latin, Greek) are
written from left to right (horizontal lines) and from top to bottom. Some languages,
such as Arabic and Farsi texts run like these, but from right to left. For this purpose,
two Local Contour Pattern operators (LC'P) are retained: Left LCP (or LC'Py) and
Upper LC'P (or LCP,). In Fig. the LC'P; and LC P, from a connected-component
(CC;) are illustrated. For each pixel p. at position (x,y) in a connected-component
CC;, the resulting LC'P; and LCP, can be expressed in decimal as follows (cf. Eq

and :

1 4
LCPi(p) = Y fnres) 26+ flmp—s) 2F (4.6)
k=0 k=2
LCPy(p,) Z f(ng) (4.7)

In offline writer identification, diagonal features are essential and also play an im-
portant role as they achieve very satisfactory results on the most popular handwritten
databases [4]. Therefore, we proposed two LCP operators, namely Left-Diagonal LC' P
(denoted by LCP;) and Right-Diagonal LC'P (denoted by LCPy) within this step (see
Fig. |4.8). The designed LC'Ps are computed for all candidate pixels according to the
following formulas (cf. Eqf4.8l and [4.9):

LCPs(p.) = Z f(gi1) (4.8)
k=0
4
LCPy(pe) = ) f(nays) 2° (4.9)
k=0

Fig. shows an example of Local Contour Pattern and its splitting into four LCP
codes.

IWSL measurements The Run-Length (RL) distribution is the first feature pro-
posed by Arazi et al [2] for automatic writer identification. Therefore, this is introduced
as a powerful global descriptor for capturing the individual characteristics of handwrit-
ing. A run in a given direction is defined as the set of consecutive (connected) pixels
having the same property, such as the gray level intensity [15]. The Run-Length can be
computed from the binarized image, and it considers the white pixels corresponding to
the white background and the black pixels corresponding to the black ink (foreground).
The background run-lengths capture information about the region inter and intra let-
ters (words) spacing and the roundness of characters, whereas the black run-lengths
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capture information about the pen type used for writing (ink trace width). For ex-
ample, the black ('1’) and white (’0") run-lengths of the black and white bit sequences
”11000010111001001” are encoded as: (212 1) and (4 1 2 2), respectively. The black (or
white) run-lengths can be determined in four directions: horizontal, vertical, or diagonal
orientations (right and left) (more details in [I5 22]). For each direction, the length of
runs is agglomerated in a histogram, which represents the texture. This histogram is
normalized and interpreted in a probability distribution (PDF'), while it is used as a
characteristic of each writer. In order to capture the textural information in a grayscale
image, the run-length matrices are computed in a given scanning direction. In this case,
a gray-level run is described as a number of pixels with the same gray level (intensity
value) g. A Gray-level run-length matrix (GLRLM) is computed as follows. Each ele-
ment M (g, h) of matrix M corresponds to the number of runs with pixels of intensity
value g and length of run (number of occurrences) h in the grayscale image without
using any binarization algorithm. Therefore, run-length matrices can be computed by
scanning either horizontally (0°), vertically (90°), or diagonally (45°, 135°). Similarly to
the black and white run-length descriptors presented above, the histograms of grayscale
run lengths are normalized to PDF's and used in the identification process.

In this step, we propose a new measure that is mainly designed to capture the Ink-
trace Width and Shape Letters in a writing, called IWSL. Here, we introduce the use
of outer contour pixels. Therefore, an ITWSL measurement is the number of consecu-
tive black and white pixels between the two outer contour points in a given direction.
Formally, the proposed IW SL can be determined as follows:

If S = {pes,...,pee} is a binary sequence of connected pixels (of connected-
component C'C;) at a bi-level image (p.s € C;, pes € C;, and each pixel is stored as
1 or 0) in a given direction, p.s and p.. are respectively the start and end position of
this sequence, and p; ... p, the pixels between the two outer contour points p.s and pg.

The IWSL is then computed as the distance from pes = (Zes, Yes) 10 Pee = (Teey Yee)
and is evaluated using the Euclidean norm (cf. Eq:

IWSL = \/(gvce — Zes)? + (Yoo — Yes)? (4.10)

» Background

B Ink pixel O Backround pixel ~ E Outer contour pixel O Inner contour pixel M Candidate pixel

Figure 4.10: Computing local IWSL in the four directions.

The IWSL measure of outer contour pixels is computed as similar to the tech-
niques described in [I5],22] while the four main directions: horizontal (IW.SL,), vertical
(IWSLy), left-diagonal (IWSLj) and right-diagonal (IW.SLy) are exploited to capture
the writing details (e.g. character shapes, average width of letters, ink-width). This
measure is illustrated in Fig. on a bi-level image.
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IWSL for Black (IIWSLg) and Outer contour pixels (IWSL¢c) The IWSL mea-
surement can be applied to both black and black-and-white pixels, such as ink traces
and the pixels between outer contours, respectively, to capture comprehensive structural
information about handwriting patterns. This dual analysis provides complementary
features that enhance the discriminative ability of the IWSL descriptor.

o IWSLB = \/(Teep, — Tesy)? + (Yee, — Yes,)?: This measurement captures the
variations in stroke thickness that are characteristic of different writing instru-
ments. It also captures information about character formation and pen trajectory
(see Fig. [4.10)).

o IWSLLC = \/(Tcee. — Tese)? + (Yeeq — Yes)?: This measurement provides valu-
able information about the consistency in inter-character and inter-word spacing,
writing density and spatial organization patterns and negative space distribution
reflecting individual writing habits (see Fig. [4.10)).

LCP-IWSL feature construction Over the past few decades, complex features
(i.e., co-occurrence, co-probability) have been used for offline automatic (text-dependent
and text-independent) writer identification such as Hinge [I1], Quill [?], coHinge and
QuadHinge [21], is one of the main and very effective features that has started to attract
significant attention from researchers, especially in the field of forensic handwriting
analysis.

In this approach, we propose a complex feature that is capable of introducing more
information: Local Contour Pattern - Ink-trace Width and Shape Letters (LC'P —

IWSL) feature (cf. Eq. |4.11)).

4
LCP—IWSL = [[LCP.—IWSL, (4.11)
k=1

where [] is the concatenation operator and LC' P, — IW S Ly, obtained by normalizing
the histogram Hpcp,-rwsr,, which is defined as follows (cf. Eql4.12)):

LOP-IWSLy — —LCP=IWSLy (4.12)
|Hrepe-rwsr, |l + €

where € is a very small value close to zero and Hrcp,-rwsr, is a histogram computed

by using Eq.(4.13):

N-1
Hiop-rwsi, (1) = Z Z ML, (LCP, — 1)Nywst

=0 p.eCC;
+IWSLk)}, l = 1-~(NLCP X NIWSL) (413)

It is important to note that the final feature vectors for LCP — IWSLp (black
pixels) and LC'P—IW SL¢ (outer contour pixels) are both of size 4,340. Further details
regarding the computation of the normalized histograms can be found in reference [4].
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4.4 Classification (writer recognition)

We derive texture-based contour-based features LCP — IWSLp (black pixels) and
LCP — IWSL¢ (outer contour pixels) from the black linked components and their
outer contours prior to proceeding with classification, specifically writer identification
and verification, which constitutes the final stage of the framework. Consequently, the
dissimilarity measure between two distinct handwritten samples, as indicated by their
feature histogram vectors, was employed to assess intraclass and interclass variations in
the biometric writing traces.

4.4.1 Dissimilarity measure

In order to identify authors, it is essential to calculate the dissimilarity of feature
histograms through a distance metric. We investigated and evaluated various estab-
lished distance metric alternatives, including Euclidean, Chi-square, Manhattan, Bhat-
tacharyya, and Minkowski (up to order 5). Following tests conducted on six widely
used databases, we determined that the Chi-square (x?) distance proved to be the most
effective and is utilized in this research.

This distance function is highly efficient and straightforward, making it ideal for
probability distribution characteristics with tiny values [4]. Assume S; and Sy are two
handwritten samples, and X = (x1,29,...,Zsze) and Y = (y1, Y2, . . ., Ysize) denote the
feature vectors (histograms or distributions) that will be compared. The Chi-square
distance is used to compare the dissimilarity of two feature vectors (see Eq. .

size

de(X,Y) = Z D(;, yi) (4.14)

The function D(x;,y;) is defined as

0, if  wi=y; =0, i=1...size
Dz yi) = —(x, — i) otherwise (4.15)
(zi+yi)’

The dissimilarity of each feature vector (i.e., LCP — IWSLg and LCP — IW SLg)
is represented by size, and ¢ is an index to the elements of X and Y.

4.4.2 Writer identification

The writer identification task involves comparing an input image of a handwritten doc-
ument () € T's) to a dataset of known writers’ handwriting (7'r), where T's and T'r are
the test and training datasets, respectively. For more information on this comparison,
see [4]. The writer w; is among the recorded in the system {wy,ws, ..., wy}, where N
represents the total number of writers in the training dataset.

The k-Nearest Neighbor (k-NN) classifier effectively recognized authors based on
handwriting characteristics extracted from images. This classifier is frequently employed
for pattern classification owing to its straightforwardness and efficiency. Furthermore,
this approach utilizes established distance metrics to generate a ranked list of training
samples that exhibit similarity in feature space to the query sample. This process
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involves calculating the dissimilarity values between the test data and the reference
data.

This study uses k& nearest neighbor classification method (k-NN) along x? distance
and Holdout strategy [41], 34] to determine authorship. All of the text samples from
each database have been divided into 2 sets (training and test datasets). As done in
[29], one set have been used for training and the second set has been used for testing.
Identification results are obtained after a hold cross validation. Furthermore, the ef-
fectiveness of our system is quantified as a percentage of the Topl, Top5 and Topl0
identification rates.

4.4.3 Writer verification

For writer verification (identity verification), the system compares two samples of
handwriting (S4 and Sp) to determine if they were created by the same person
(DS(S4,8p) = 1) or not (DS(Sa,Sg) = 0) based on a threshold value 7. Using
X% (and Mh), we compute the distance between the normalized histograms X and Y
retrieved from S, and Spg, respectively, and choose the decision DS (refer to Eq. .

1, if de(X,Y)<7

0, otherwise

DS(Sy4,Sp) = { (4.16)

This step considers the following two errors: False Accept (FA) and False Reject
(FR). The first mistake is assuming two handwriting samples are from the same person,
which is not the case. The second definition is incorrectly assuming two samples were
contributed by the same person.

By adjusting the decision threshold 7, a Receiver Operating Characteristic (ROC)
curve is obtained that illustrates the inevitable trade-off between the two error rates
(see Eq. . The Equal Error Rate (EER) corresponds to the point on the ROC
curve where FAR ~ FRR and it quantifies in a single number the writer verification
performance.

FAR:/ Pp(z)dz, FRR:/ Ps(z)dx (4.17)
0 T

The distributions of chance Pp(x) and Ps(x) represent the distances between PDF's
of handwriting samples from various individuals and the same individual, respectively.

For the ICDAR2013 dataset (250 writers, 2 samples per write in case of English
language), Ps(z) has been constructed using the 250 same-writer distances, while Pp(x)
has been constructed using all the CZ,,—250 = 124, 500 different writer distances arising
in the dataset.

4.5 Conclusion

This chapter presented the steps necessary to extract discriminative features from hand-
written document images. We described the preprocessing pipeline, which includes bi-
narization using Otsu’s algorithm, connected component extraction, and the elimination
of small components. Two feature extraction methods were proposed: LC'P — IW SLg
(black pixels) and LCOP—IW S L¢ (outer contour pixels). Both methods extract features

29



from connected components and their outer contours. The next chapter will present the
verification system and the experimental results obtained using these features.
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CHAPTER 5

Results and analysis

5.1 Introduction

In this section, we first introduce the experimental setup. This describes eight well-
known databases, as well as their enrollment and evaluation protocols. These are used
to validate the effectiveness of our proposed writer identification and verification system.
We then present and discuss the results of the empirical study in detail, comparing our
technique with the state of the art (i.e. the experimental results). All experiments were
executed on an HP Z2 Tower G9 Workstation Desktop PC RCTO, equipped with a 12th
Gen Intel(R) Core(TM) i9-12900K processor running at 3.19 GHz and 32 GB of RAM,
operating on the Windows 10 Pro 64-bit OEM system. Our software, named UMTAWRS
(University Moulay Tahar Automatic Writer Recognition System), was developed using
Microsoft Visual Studio C++ version 2.0.50727 SP2, and the experimental results are
presented in tables and figures.

5.2 Experimental setup

In this section, we evaluated the performance of our proposed method using three pub-
licly available databases containing challenging languages: English, German, French and
Greek from the ICDAR 2011 database [36], English and Greek from the ICDAR 2013
database [35], and English and German from the CVL database [31]. These databases
are discussed in the following subsections and are designed to be fair and comparable
with the literature.

5.2.1 ICDAR2011 database

As detailed in [36], the ICDAR2011 Writer Identification Contest dataset was designed
to evaluate writer identification systems in a multilingual context. It comprises con-
tributions from 26 writers, each of whom provided eight handwritten pages, resulting
in a total of 208 document images. The dataset encompasses texts in four languages:
English, French, German and Greek, with two pages per language and per writer. To
ensure script authenticity, the Greek documents were written by native Greek writers,
while the other languages were written by the same writers to introduce variability in
handwriting across different scripts. Each page contains copied text, providing a consis-
tent evaluation scenario for content across writers and enabling the system to focus on
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writer-specific stylistic features. For our experiments, we used a subset of ICDAR2011,
called the CICDAR2011 dataset, in which only the first two lines of text on each page
were truncated. Two scenarios were conducted to measure the performance of our
method: mono-script (see Table and multi-script (see Table [5.2)).

5.2.2 ICDAR2013 database

The ICDAR2013 [35] benchmarking database was part of the ICDAR2013 writer identi-
fication competition. It was collected from 250 different scribes who were asked to copy
two pages of handwritten text in English and two in Greek. The number of text lines
that are contributed by the scribes varies between two and six lines, and the collected
handwritten pages were also scanned at 300 dpi in grayscale. The experiment dataset
contains 400 writing pages produced by 100 scribes, whereas the benchmarking dataset
consists of 1, 000 pages written by 250 different scribes. In our experiment, we used
the entire benchmarking ICDAR2013 database according to the mono-script (see Table

and multi-script (see Table [5.2)).

5.2.3 CVL database

The CVL [31] is a standard offline handwriting English and German text database that
is used to evaluate and validate single-/multi-script writer identification and verification,
word spotting, and writer retrieval. This database contains a total of 1, 604 document
samples that have been written by 310 different writers. Seven documents (i.e. six in
English and one in German) are produced by 27 writers. The remaining 282 were asked
to write four documents in English and one in German. The texts are scanned in the
RGB 24-bit color format at 300 dpi. Therefore, similar to [6], we select only the first
four English and the German documents per writer in our experimental setup. Two
scenarios were conducted to measure the performance of our method: mono-script (see
Table and multi-script (see Table [5.2)).

Figure[5.1]shows sample images from three benchmark databases containing a variety
of script languages. To ensure comparable and fair experimental conditions with state-
of-the-art systems, the same experimental setup was used as in Chahi et al. [12] for
the ICDAR 2011 database, and as in Bahram et al. [0] for the ICDAR 2013 and CVL
databases. The modified benchmark databases used in our writer identification and
verification experiments are presented in Tables and [5.2]

5.3 Experimental results

In order to assess the efficacy of our proposed system, we performed tests using two
texture- and contour-based features (LCP — IWSLg and LCP — IW SL¢), adhering
to the methodology detailed in Section {4f and illustrated in Fig. 4.1{

In the field of author identification, we implemented widely recognized standards,
particularly the simple, commonly used cross-validation method known as ”Holdout,”
along with the Topl, Top5, and Topl0 classification outcomes. These determine the
closest neighbor for an unidentified document. We employed these techniques to evaluate
and confirm our methodology across all analyzed handwriting databases.
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Table 5.1: Description of the tested databases according to the mono-script protocol.

Benchmark \ Year \ # Writers \ Language \ # samples / writer

English

CICDAR2011 [36] | 2011 26 French 2 samples
’ German
Greek
. English

ICDAR2013 [35] 9013 550 Creck 2 samples

CVL [31] 2013 310 English 4 samples

Table 5.2: Description of the tested databases according to the multi-scripts protocol.

Benchmark ‘ Year ‘ # Writers ‘ Language ‘ # samples / writer
) English, French,

CICDAR2011 [36] | 2011 26 German, and Greek 8 samples

ICDAR2013 [35] 2013 250 English and Greek 4 samples

CVL [31] 2012 310 English and German 5 samples
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M The north o Greece. ‘LF was The mott 'P-rogiﬁic,and -‘J.I'Q‘J,-mo‘f({%l ﬁ'f‘u"]dl?eﬁe']d"-r griechis cher Phulocoph, dlerim Athnen Lebte
Englsih ICDAR 2011 German ICDAR201 1

0 Suwkpduus Hilosus bt aptli 'fm-“i‘h.m,\_ bt T EOR I Ml
i : , j EEs
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Figure 5.1: Handwriting samples form different databases: ICDAR2011 [36]), IC-
DAR2013 [35], and CVL [31].

The effectiveness of the writer verification task is evaluated by using a global thresh-
old on the output scores of the k-NN classifier. The False Acceptance Rate (FAR) and
False Rejection Rate (FRR) are computed by varying the decision threshold 7. FAR
represents samples belonging to non-genuine writers that are assigned to genuine writ-
ers by the system. Similarly, the FFRR represents scenarios in which writing samples
belonging to genuine writers are rejected by the system.

The overall performance of the system is quantified by calculating the Equal Error
Rate (FER), which is determined by selecting the pair (FAR, F'RR) with the smallest
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absolute difference and computing their average. Furthermore, a Receiver Operating
Characteristic (ROC') curve is obtained that illustrates the inevitable trade-off between
the two error rates. A lower EER (FAR ~ FRR) value signifies a greater accuracy of
the system performance. In general, a false acceptance is much more unacceptable as
opposed to false rejections especially for a biometric system that requires a high level
of security. Hence, for a good biometric system, it is desirable that the GAR should
increase rapidly against the FAR value. It is important to note that for very small
values of FAR, GAR achieves very high percentages demonstrating the effectiveness of
the proposed system in scenarios where false acceptances are costly.

5.3.1 Evaluation of mono-script performance

Table 5.3: Performance of writer identification and verification on the ICDAR2011,
ICDAR2013, and CVL databases according to the mono-script protocol.

Featire Database Language Identification Verification
Topl Topd ToplO EER  Oop
LCP-IWSLg English 81.62 96.15 100.0 11.53 0.109
LCP-IWSL¢ 84.62 100.0 100.0 7.69 0.117
LCP-IWSLg French 88.46 100.0 100.0 4.15 0.085
LCP-IWSL¢ CICDAR2011 88.46 100.0 100.0 4.57 0.104
LCP-IWSLg German 84..62 96.15 100.0 3.84 0.087
LCP-IWSL¢ 92.31 100.0 100.0 3.84 0.101
LCP-IWSLg Greck 57.69 100.0 100.0 14.53 0.101
LCP-IWSL¢ 69.23 100.0 100.0 11.53 0.113
LCP-IWSLg English 96.40 99.60 100.0 1.60  0.052
LCP-IWSL¢ [CDAR2013 99.60 100.0 100.0 1.19 0.061
LCP-IWSLg Greck 97.60 100.0 100.0 1.19 0.047
LCP-IWSL¢ 100.0  100.0  100.0 1.15  0.058
LCP-IWSLg . 96.77 98.38 98.38 3.21  0.062
LCP-IWSLe CVL English 9774 o838 o838 204 0.072

To establish a performance baseline for the proposed writer identification and veri-
fication system, we will first evaluate its performance using monoscript datasets. More
specifically, we will evaluate its performance on the English, French, German, and Greek
subsets of the ICDAR 2011 dataset, the English and Greek subsets of the ICDAR
2013 dataset, and the English and German subsets of the CVL 2013 dataset. This
phase independently verifies the effectiveness of the contour- and texture-based features
(LCP-IWSLg and LCP-IWSL¢), isolating the impact of characteristics specific to
the script.

The goal is to evaluate the system’s performance while maintaining consistency
within scripts and introducing variability across them in multilingual conditions. Table
shows the Top1, Top), and Top10 recognition rates for the writer identification task
as determined by the standard holdout validation protocol. For the writer verification
task, we calculate the equal error rate (EER) by applying a range of thresholds (6) to
the similarity scores of handwritten samples.
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Table |5.3|shows how robust and discriminative the proposed LC'P — IW S L contour-
and texture-based features are across all four scripts (English, French, German, and
Greek). The holdout validation strategy and Chi-squared (x?) distance consistently
yield the highest accuracy scores (i.e., identification and verification). These results
confirm the suitability of the chi-squared distance for the proposed descriptors, thus
validating its adoption in our approach.

It is important to note that the LC'P — IW S L feature, which is derived from outer
contour of connected components, generally outperforms the LCP — IW SLp feature.
This is particularly evident in Topl, Top), Topl0, and EER recognition accuracies.
This highlights the effectiveness of the LC'P — IW SL¢ feature in capturing stylistic
nuances. These results demonstrate internal consistency across scripts and tasks. This
affirms the competitiveness of the proposed system against current offline writer identifi-
cation and verification methods (see Bahram’s work [6]). The results support deploying
the system in real-world mono-script applications, where script variability and general-
ization are critical.

5.3.2 Evaluation of multi-scripts performance

This section presents the experiments performed to study the effectiveness of the pro-
posed features for writer recognition and to validate the hypothesis that the writing style
of an individual remains more or less the same across different scripts. The performance
measures used are the Topl, Top5, Topl0 identification rates and the Equal-Error-Rate
(EER) for verification task.

Table shows the performance of LCP — IW SL features on the ICDAR2011 8-
samples, I[CDAR2013 4-samples, and CVL 2-samples cropped multi-scripts datasets us-
ing chi-squared distance. The Top1 accuracy is highest for [CDAR2011 and ICDAR2013
(100.0% in hold-out strategy and EER=7.68%), followed by CVL (Top1=93.55% and
EER=3.5%). x? consistently improves performance over individual LCP — IW SL¢
features, confirming its effectiveness in multi-script identification.

Table 5.4: Performance of writer identification and verification on the ICDAR2011,
ICDAR2013, and CVL databases according to the multi-scripts protocol.

Feature Database Language Identification Verification
h Topl Tops Topl0  BER O,
LCP-IWSLg All four, 96.15 100.0 100.0 8.82  0.100
LCP-IWSL¢ CICDAR2011 languages 100.0 100.0 100.0 7.68 0.114
LCP-IWSLpg English & 96.15 100.0 100.0 8.82  0.100
LCP-IWSL¢ ICDAR2013 Greek 100.0  100.0  100.0 7.68 0.114
LCP-IWSLg OVIL English & 92.25 96.45 97.10 3.78 0.065
LCP-IWSL¢ German 93.55 97.10 98.39 3.50  0.075
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5.4 Conclusion

Very satisfactory results were obtained in all cases on both mono-script and multi-scripts
document databases (ICDAR2011, ICDAR2013, and CVL). Our proposed approach
places itself among the best in the literature.
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CHAPTER 6

Conclusions and perspectives

The conversion of unprocessed data into either manually crafted or learned features
is a vital component of author recognition. Both traditional methods and deep con-
volutional neural networks (CNNs) require considerable time, memory, and computa-
tional power. Additionally, while approaches that employ learned features have shown
promise, they remain relatively under-researched in the domain of author recognition
tasks, particularly in handwriting verification. In this study, we present a method for
offline text-independent author recognition from handwriting images, leveraging ma-
chine learning and pattern recognition algorithms. Furthermore, these methods do not
necessitate extensive computational resources regarding time or memory consumption.
This approach utilizes two primary sources of behavioral data to define author indi-
viduality. Initially, the LCP — IW SLp histograms (which are based on texture of
connected components) can deliver comprehensive information about letter shapes and
ink traces, encompassing ink thickness. Secondly, LCP — IW SL¢ distributions (which
are based on outer contours) provide further insights into the distribution of direction,
slant, and curvature—essentially, the attributes of writing. The proposed handcrafted
features comprise probability distributions derived from the binary connected compo-
nents and outer contours of scanned samples. These distributions present a robust and
text-independent representation of an individual’s writing style. Importantly, the classi-
fication accuracy obtained with the outer contour pixels feature LC'P — IW S L exceeds
that of the black pixels LCP — IW SLg. Our research, carried out on three challenging
handwriting datasets, aims to further substantiate these results. The primary limita-
tion of this system is its inability to process very short texts, such as a single word.
Consequently, to ensure the reliability of the proposed features, a significant number of
lines must be examined (approximately three lines of text for both training and testing
purposes). Regarding future research, it is advisable to evaluate the effectiveness of
these descriptors in gender classification as well as in the identification and verification
of writers across various scripts, particularly when the training and testing datasets
are derived from different scripts. Furthermore, the proposed methodology could be
improved to integrate handwriting style information through handwritten word images,
and it is crucial to develop strategies for recognizing unknown writers or registering new
ones.
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Abstract

The work presented in this manuscript addresses the problem of offline writer recognition based on handwritten documents. The feature extractionl
stage is a crucial component of any writer recognition system, as its objective is to select the most discriminative information for the classification
task. In this thesis, handwritten samples are represented using several attributes, including stroke orientation, curvature, stroke thickness, and
handwriting size. The proposed method incorporates an innovative feature extraction technique that improves the accuracy of both writer|
identification and writer verification. Two key descriptors, LCP-IWSLg (black pixels) and LCP-IWSL ¢ (outer contour pixels), are employed]
independently to characterize the individuality of each writer. Classification is performed using the k-Nearest Neighbors (k-NN) classifier in
conjunction with the Chi-Square (y?) distance measure. The proposed approach was evaluated on three handwritten document databases containing
samples from 26, 250, and 310 writers, respectively, where promising results were obtained. The experimental results demonstrate the robustness of
the proposed method in both single-script and multi-script scenarios, particularly in hybrid environments that simulate real-world multilingualf
handwriting conditions. The system exhibits stable and reliable performance even in the presence of greater data diversity.

IKeywords: Writer identification and verification, Local contour pattern, IWSL: Ink Trace-Width and Shape Letter, Machine Learning, Forensic
science, Handwriting.

Résumeé

Les travaux présentés dans ce manuscrit abordent le probleme de reconnaissance de scripteurs & partir de leur écriture manuscrite hors-ligne. Lal
hase d’extraction de caractéristiques est une étape trés importante pour un systéeme de reconnaissance de scripteurs. L objectif de cette étape est laj
sélection des informations les plus pertinentes pour la tiche de classification. Dans ce mémoire les échantillons d’écritures manuscrites sontl
eprésentés par des attributs comme 1’orientation, la courbure, 1’épaisseur des traits et la taille de 1’écriture. La méthode proposée intégre unej
echnique innovante d’extraction de caractéristiques qui améliore I’exactitude de ’identification et de la vérification. Deux descripteurs clés, LCP
IWSLB (pixels noirs) et LCP —IWSLC (pixels de contour externe), sont utilisés indépendamment pour caractériser 1’individualité du scripteur. Ld
classification est réalisée en utilisant les k plus proches voisins (k-NN) et la distance de Chi-Square (¥2). La méthode proposée a été évaluée en
utilisant trois bases de documents de 26, 250 et 310 scripteurs ou des résultats intéressants ont été enregistrés. Nos résultats montrent la robustesse]
de la méthode proposée dans les scénarios mono- et multi-script, en particulier dans les environnements hybrides qui simulent les conditions|
d’écriture multilingue dans le monde réel. Le systéme se montre stable et performant, méme en présence d’une plus grande diversité de données.
JLes mots clés: Identification et vérification de scripteurs, Modéle de Contour Local, IWSL: Epaisseur de trait Forme de Lettres, Apprentissage|
automatique, Examen Iégal des documents, Ecriture manuscrite.
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